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This dissertation presents a techno-economic analysis (TEA) of waste-to-energy (WTE) 

biofuel production using hydrothermal liquefaction (HTL). The study focuses on facility scaling, 

feedstock dynamics, unpiling strategies, and cost modeling to evaluate how process conditions and 

supply constraints influence the minimum fuel selling price (MFSP) of biocrude. Unlike traditional 

studies that assume static conditions, this research considers the dynamic nature of feedstock 

availability, storage, and biomass properties over time. 

Feedstock availability fluctuates seasonally and geographically, influencing both biomass 

properties and overall process performance. Unlike conventional studies that assume a constant or 

simplified feedstock supply, this work models how fluctuations in waste wood availability impact 

storage pile size and inventory dynamics. To better understand the role of inventory management, 

this study evaluates different unpiling methods, including first-in, first-out (FIFO), last-in, first-

out (LIFO), and homogeneous (HG) mixing. Each method determines how long biomass remains 



in storage before processing, leading to differences in drying, degradation, and conversion 

efficiency. 

Facility scaling presents a further challenge, as HTL remains a relatively new technology 

with limited data on scale-based economics. While previous studies often rely on single scaling 

factors or focus on specific cost components in isolation, this dissertation evaluates interconnected 

factors such as equipment scaling, site-specific resource costs, and feedstock procurement 

strategies. By exploring a range of facility sizes and economic conditions, this research assesses 

how these factors impact MFSP and overall feasibility. 

Additionally, this work also examines the role of contracts in securing a stable feedstock 

supply. Agreements with municipalities or private suppliers that dictate wood procurement affect 

both operations and cost. The economic trade-offs of different contract structures are analyzed, 

focusing on how contract duration, seasonal variations, and supply guarantees influence viability. 

While contracts are often treated as secondary to facility design, this study incorporates them as a 

key modeling component. 

By integrating fluctuating feedstock availability, inventory dynamics, facility scaling, and 

contractual agreements, this dissertation provides a comprehensive framework for assessing the 

economic feasibility of WTE biofuel production. The findings contribute to a more nuanced 

understanding of biofuel economics and offer insights to inform future research, industrial 

applications, and renewable energy development. 
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Chapter 1: Introduction to Biofuels and Contracts 

1.1 Introduction 

Petroleum has been the leading form of consumed fuel in the United States since 1949 

(Francis & Comstock, 2024) as shown in Figure 1.1. In the 1970s, the U.S. began looking for fuel 

alternatives in the face of the oil crisis. The war in Iraq and the recent Russian attack on Ukraine 

have emphasized the need for a diverse energy portfolio. Over the last five decades, the United 

States has created several modeling tools and simulations to assist in the effort, each focusing on 

a specific aspect of energy usage in the nation (see Section 1.3.1). 

An important aspect in the energy sector is the ability to implement energy usage. Contracts 

are a viable way of selling energy to the populace. While contracts can be built between energy 

providers and consumers, they are also used throughout the entire process. Outcome-based 

 
Figure 1.1: Annual U.S. Energy consumption [quadrillion British thermal units] provided by the EIA (Francis & Comstock, 

2024). Source: U.S. Energy Information Administration (2024). 
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contracts are a newer type of contract that improves technological innovations and reduces losses 

from unplanned shutdowns. 

The first section of this chapter provides background on biofuel, outcome- based contracts, 

and facility scaling followed by the motivation behind this dissertation. Next, the chapter focuses 

on a literature review, including various papers that examine existing energy tools and models, 

facility scaling in biofuel production, contract studies and models, waste-to-energy research, and 

feedstock pile properties. The chapter will then conclude with research gaps and objectives. 

1.1.1 Biofuel 

Biofuel is any fuel derived from organic matter. There are three generations of biofuel 

(Environmental Protection Agency, 2022). The first generation is biofuel made from crops such 

as corn ethanol or biodiesel made from oils; these fuels are made using fermentation or 

transesterification. Second generation biofuels are made from cellulosic material, crop waste, and 

municipal solid waste (MSW) and did not start commercial production until 2013. Algae is the 

third generation of biofuel. There are three main processes for producing biofuels: pyrolysis, 

gasification, and hydrothermal liquefaction (HTL) (Office of Energy Efficiency & Renewable 

Energy, n.d.). 

According to the Department of Energy, pyrolysis is a process where material is rapidly 

heated without oxygen, causing the chemical bonds to break down the material (Office of Energy 

Efficiency & Renewable Energy, n.d.). The products are char, gas and a vapor that is condensed 

into biocrude (Office of Energy Efficiency & Renewable Energy, n.d.). Gasification is a technique 

that breaks down the feedstock at even higher temperatures, creating a biogas that can be burned. 
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Hydrothermal liquefaction (HTL) is a relatively new process, that slowly heats up the feedstock to 

temperatures lower than pyrolysis and gasification and at higher pressure in the presence of a 

solvent. Unlike pyrolysis, HTL does not require the feedstock to be dried, and uses the moisture 

in the feedstock in the process (Dimitriadis & Bezergianni, 2017). 

1.1.2 Outcome-Based Contracts 

A contract is defined as a legal agreement between two or more parties that defines the 

terms of said agreement. Outcome-based contracts focus on the outcome or performance of a 

contract rather than specifying actions to take to reach a result. Allowing a contractor, the ability 

to choose how to meet measurable goals potentially allows for decreased cost and increased 

availability, runtime and creativity. 

There are four levels of contracts that can occur. The first level is that there is no contract; 

goods are sold on the spot market. The simplest contract to model is one where all goods are sold 

at an agreed upon price; this is the next level. The third level is one where there is a lower limit; a 

minimum amount of product must be sold in a given time period. If the supplier is unable to meet 

this lower limit, they must find a way to meet it, such as buying the product on the spot market to 

provide under the contract or face a penalty. This penalty is typically monetary but can also be a 

loss of future contracts or other qualitative effects, such as by shortening the time over which a 

contractor can collect. The highest level of contract is one with an upper limit (the maximum 

amount of product that can be provided) and a lower limit. This is a dual-limit contract. 

Contracts appear in many places along a process stream as shown in Figure 1.2. The biofuel 

process starts by acquiring feedstock. A contract could specify that a feedstock supplier must 
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supply a certain amount of feedstock in a specified time period or face penalties. A contract could 

also stipulate that the biofuel facility must buy a minimum quantity of feedstock at a set price, 

whether it is needed or not. It would then be up to the facility to determine whether the feedstock 

should be stored, used immediately, sold to someone else, or to pay someone, such as a landfill, to 

take it. Contracts can also appear post process. A refinery could require a certain amount of 

biocrude in a specified time period; if the biofuel facility does not meet the contract stipulations it 

will face penalties (e.g., the requirement to purchase fuel from the spot market to deliver to the 

customer). 

Contracts also exist in the process; while this dissertation will not address these types of 

contracts, they are still important to consider. Laborers are needed to run equipment and move 

 
Figure 1.2: Biofuel facility flowchart detailing contracts possibly associated with each step. 
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feedstock and drivers are necessary to pick up feedstock and drop off sold biocrude. Mechanics 

are needed to keep equipment running and to plan when to best maintain systems to reduce 

interruptions to the process stream. Energy, water, and other resources will be utilized and have 

attached costs and thereby contracts. Contracts will dictate the payrate of laborers, cost of 

resources, as well as performance specifications for all the equipment. 

1.1.3 Facility Scaling 

Determining the appropriate size for an operation has been a fundamental consideration in 

business planning for centuries. Factors such as available resources, input costs, and market 

demand all play a critical role in shaping the scale of a facility. A well-planned operation must 

balance these constraints to achieve economic viability while ensuring that production aligns with 

resource constraints and consumer demand. 

The concept of economies of scale explains how increasing production can reduce the cost 

per unit, primarily through improved resource utilization, bulk purchasing, and operational 

efficiencies. However, expansion is not always beneficial. Diseconomies of scale can emerge when 

logistical challenges, resource limitations, or operational inefficiencies cause costs to rise rather 

than fall. 

To quantify the relationship between facility size and cost, Roger Williams Jr., a DuPont 

engineer, introduced the "Rule of Six-Tenths" in 1947 (Williams, 1947). This empirical rule, 

widely used in the chemical and process industries, states that when a facility’s capacity is doubled, 

its cost increases by only about 60% rather than doubling. This occurs because larger facilities 
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benefit from shared infrastructure and operational efficiencies, reducing the relative cost per unit 

of output. The equation for scaling is: 

𝐶1
𝐶2
= (

𝑉1
𝑉2
)
∝

 Eq. (1.1) 

Where C is the cost of a piece of equipment or a facility, V is the capacity, and α is the 

scaling factor. In the following years, this idea expanded to other industries. 

1.2 Motivation 

Modeling is an important aspect for dynamically changing variables. Activity rates are 

variable, seasonal, and uncertain. By modeling biomass properties, transportation, the biofuel 

conversion process, and associated costs, inventories that grow and shrink with respect to other 

variables are accounted for. It also accounts for piling storage and associated property changes 

when resources are unavailable. 

The storage pile also is dynamic. As the process demands input, feedstock will be pulled 

from the pile. Arriving feedstock will be piled onto older feedstock – taking from the top will cause 

the intake feedstock to be wetter, newer feedstock. Thus, the order in which feedstock is pulled 

from the piling, or “unpiling”, is important. FIFO, first in first out, will use older feedstock first. 

LIFO, last in first out, will use new feedstock. Feedstock can also be evenly mixed together to 

create a homogeneous pile (HG). Unpiling methods have never been explored. 

The feedstock will then enter an HTL process. Determining the size of the process is a 

challenge as old as time; however, the HTL process is new, and scaling studies are nearly 

nonexistent. The few studies that scale biofuel facilities focus on other processes, not HTL. These 
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studies tend to examine one variable, such as transportation costs, or overly simplify costs, such 

as using one scaling factor for the entire facility. To properly determine the best capacity of the 

facility, all inputs must be carefully examined and fully researched. Capital costs, equipment 

scaling, location-specific resource costs, transportation costs, and feedstock cost must all be 

accounted for. Furthermore, feedstock is not always available and choosing an appropriate 

feedstock supply radius with contracts in place is essential. 

Outcome-based contracts (OBCs) are used in a variety of industries to drive creative 

solutions rather than dictate tasks. OBCs incentivize technology and system updates and 

improvements, rather than spending money on unplanned downtime and repairs (Randall et al., 

2011; Sandborn et al., 2017); they can also increase runtime and potentially save billions of dollars 

compared to traditional contracts (Randall et al., 2011). Present research on OBCs fit the contracts 

to existing processes (e.g., facilities), however no studies have been done in which the contract is 

the engineered system, and the facility is designed to fit it. 

Development of biofuel contributes to American independence with regards to fuel and 

energy resources, especially when considering global conflicts with the Middle East and Russia. 

By modeling biofuel processes, decisions regarding biofuel development can be made leading to 

reduced research and development costs. The model developed in this dissertation will determine 

provide a framework for evaluating facility size, feedstock storage strategies, transportation 

logistics, and contract structures—offering insights that can support the continued development of 

independent fuel sources. 

1.3 Literature Review 
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There are various relevant models and tools that have been developed for biofuels, waste-

to-energy facilities, and fossil fuel practices. These models each have a particular focus. Contracts, 

such as power purchase agreements, are also prevalent in energy systems. However, while 

contracts have been studied, they are typically case specific, and few general models exist. This 

section reviews current relevant energy models and contracts in the energy industry. It also covers 

current waste- to-energy technology and briefly examines feedstock pile property studies. 

1.3.1 Energy Tools and Models 

Over the past several decades, the need for sustainable energy solutions has driven the 

development of numerous models and tools designed to analyze and optimize energy systems. 

These tools vary widely in their scope, objectives, and methodologies, addressing challenges such 

as supply chain logistics, greenhouse gas (GHG) emissions, economic feasibility, and policy 

impacts. Some models focus on macroeconomic trends and long-term national energy strategies, 

while others target microeconomic factors, such as the cost and efficiency of specific biofuel 

production pathways. 

The U.S. government and various research institutions have played a pivotal role in 

advancing these tools, funding the creation of tools like: COAL2, FOSSIL1, FOSSIL2 (Naill & 

Belanger, 1989), the Cost of Renewable Energy Spreadsheet Tool (CREST) (National Renewable 

Energy Laboratory, n.d.-a), the Biomass Logistics Model (BLM), and the National Energy 

Modeling System (NEMS) (U.S. Department of Energy, n.d.). NEMS and other models can be 

found on the NREL Models list: Bioenergy models website (National Renewable Energy 

Laboratory, n.d.-b). These models have evolved to incorporate a range of features, from tracking 
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changes in biomass properties throughout the supply chain to evaluating the economic and 

environmental impacts of renewable energy technologies. 

Macroeconomic models focus on nationwide biofuel use or biomass logistics on a large 

scale. Microeconomics focus on a single plant or facility. GHG emission models focus on 

minimizing harmful emissions, typically over the entire process from harvesting the feedstock to 

delivering the biocrude. Policy models focus on the effects policy has on biofuel production, 

technology development, and market price. 

Model Focus Details 

Biomass Scenario Model 

(BSM); 

National Renewable 

Energy Laboratory, 2019b 

Macroeconomic Dynamic model of biofuel supply chain 

focusing on policy side effects and 

feasibility 

Competition for the Use of 

Biomass (CUB); 

National Renewable 

Energy Laboratory, 2019c 

Macroeconomic Allocates multiple sources of biomass 

feedstocks to multiple industries 

NREL Conversion 

Techno-Economic 

Analysis Models (NREL-

TEA); 

National Renewable 

Energy Laboratory, 2020a 

Macroeconomic Techno-economic modeling for the 

conversion of biomass to fuels via various 

conversion pathways 

PNNL Conversion 

Techno-Economic 

Analysis Models (PNNL-

TEA); 

National Renewable 

Energy Laboratory, 2020b 

Macroeconomic Techno-economic modeling for the 

conversion of biomass to fuels via various 

conversion pathways 

Biomass Logistics Model 

(BLM); 

National Renewable 

Energy Laboratory, 2019a 

Microeconomic Simulates flow of biomass from farm gate 

to biofuel conversion facility and 

subsequent conversion process 
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Integrated Biomass 

Supply and Logistics 

Model (IBSAL); 

National Renewable 

Energy Laboratory, 2019d 

Microeconomic Short-term dynamic inventory model of 

biomass from harvest to biorefinery 

calculating costs, energy input and carbon 

emissions 

The Greenhouse gases, 

Regulated Emissions and 

Energy use in 

Technologies Model 

(GREET); 

National Renewable 

Energy Laboratory, 2019e 

Policy Evaluates energy and environmental effects 

over the entire supply chain to help inform 

policies and technology development 

Waste-to-Energy System 

Simulation Model 

(WESyS); 

National Renewable 

Energy Laboratory, 2019f 

Policy Analyzes the impact of policy, R&D, and 

techno-economics on the full waste-to-

energy system 

The Joint BioEnergy 

Institute (JBEI); 

JBEI, n.d. 

Macroeconomic/ 

Microeconomic 

Database of existing biomass resources, 

LCA/ TEA for biofuel pathways, and 

existing models 

Cost of Renewable Energy 

Spreadsheet Tool 

(CREST); 

National Renewable 

Energy Laboratory, n.d.-a 

Microeconomics NREL model designed to estimate the 

levelized the cost of energy generation 

based on incentives, policies and differing 

characteristics depending on the type of fuel 

being used 

NEMS; 

U.S. Energy Information 

Administration, 2019 

Macroeconomic Project the impact that energy, economic, 

environmental, and security factors can 

have on the U.S. energy system as a result 

of alternative energy policies and different 

assumptions about energy markets 

Bioenergy Technologies 

Office (BETO) Database; 

Kinchin, 2020 

Macroeconomic/ 

Microeconomic 

Database of techno-economic public 

studies on biofuels and bioproducts with a 

wide range of conditions and assumptions 

Table 1.1:  Notable biofuel costing tools (not comprehensive). 

In addition to economic and policy-focused tools, process modeling software plays a 

critical role in evaluating biofuel technologies at the system and reaction level. While tools like 

NEMS or CREST are used to assess economic feasibility and national energy strategies, process 
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simulators such as Aspen Plus are commonly used to model the physical and chemical behavior 

of specific biofuel production pathways. These tools enable researchers to simulate the chemical 

reactions, energy balances, and material flows within a facility, offering insight into how inputs 

like electricity, water, and feedstock properties affect final outputs. Modeling the conversion 

process not only informs technical feasibility but also supports cost estimation by accounting for 

equipment sizing, energy requirements, waste disposal, and potential revenues from sellable 

byproducts. Aspen Plus remains the most widely used platform for this type of analysis, though 

other tools and hybrid approaches are also employed in the literature. 

Alcazar-Ruiz et al. (2022) used Aspen Plus and SimaPro to compare the environmental 

effects of gasification versus pyrolysis of six different feedstocks using eleven different metrics. 

Aspen Plus was used as a process model while SimaPro was used to calculate the life cycle analysis 

(LCA). While the model accounted for all inputs including electricity and water use, the model 

does not account for the logistics of transporting feedstock and products or disposing of waste. 

The team found that pyrolysis was overall less damaging to the environment than gasification. 

Magdeldin et al. (2017, 2018) published two papers focusing on the HTL process of forest 

residue. The first paper was focused on using Aspen Plus to compare different HTL process 

conditions to their byproduct output and calculating the value of the byproducts. The process did 

not use a catalyst but did account for “upgrading” the biocrude. Upgrading is an additional step 

that can be added to the biocrude production process in which the biocrude is refined to improve 

the heating value and energy density of the biocrude. In this case, gas byproduct is captured and 

the hydrogen is separated out. The hydrogen is then used to deoxygenate the biocrude. This process 

was also used in Zhu et al. (2014) and was the basis Magdeldin et al. used. The second paper 
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combined the HTL plant with a combined heat and power (CHP) plant used to generate electricity 

and heat for nearby facilities. The papers found that the economic viability for HTL commercial 

plants is slim, and that byproducts and heat should be sold. 

Knorr et al. (2013) also used Aspen Plus to model five technology improvements to the 

HTL process. The purpose was to study the effects of cost on different cases. Case A recycled a 

portion of the feed cycle to preheat the feedstock slurry; Case B used a series of heat exchangers 

in an attempt to fully heat the feedstock slurry from the waste water; Case D tested the ability to 

pump higher levels of solid feedstock (36.6 wt% solids on a dry basis compared to 15%). Case B 

and Case D had secondary tests, denoted as -L, to separate water and oil used for heating. The 

paper included detailed costs for equipment and utilities but failed to account for secondary 

processes such as transportation and solid waste disposal and also did not provide a final minimum 

fuel selling price. 

Several other HTL processes were studied heavily by the U.S. government, including the 

DOE, NREL, PNNL, and the NABC (National Advanced Biofuels Consortium). Many of these 

papers build off of each other with PNNL conducting laboratory studies, NREL using the 

laboratory results to build complex models, frequently with Aspen Plus, and the NABC providing 

funding, sponsors and cohesiveness. According to Elliot et al. (2015), the NABC consortium 

brought together 17 partners across the fuel production chain and conducted a three-year 

investigation into advanced biofuel technologies, including hydrothermal liquefaction. The 

consortium ended in December 2013, and the DOE and affiliates have since turned their focus 

from woody biomass to algae.  
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Reference Model Tool Notes 

Bautista-Peñuelas et 

al., 2023 
TRNSYS 

Solar-powered HTL facility 

Feedstock: Forest residue 

MFSP1: $1.27 - $1.55/kg 

Alcazar-Ruiz et al, 

2022 

Aspen Plus, 

SimaPro 

Gasification and Pyrolysis 

Feedstock: Varied 

ANL, NREL, and 

PNNL, 2017 

Aspen Plus 

Biomass 

Assessment Tool 

TEA Farm Model 

Affiliated with NREL, PNNL, and Argonne 

National Laboratory 

Feedstock: Algae 

MFSP1: $3.48 - $4.80/GGE 

Jones et al., 2014 Aspen Plus 
Affiliated with PNNL 

Feedstock: Algae 

Knorr et al., 2013 Aspen Plus 

Various HTL processes 

Affiliated with NREL and NABC 

Feedstock: Woodchips 

Magdeldin et al., 

2018 
Aspen Plus 

Combined HTL and CHP 

Feedstock: Forest residue 

MFSP1: 98.5 – 212.2 €/MWh 

Ong et al., 2018 Aspen Plus 
Feedstock: Radiata pine with Kraft black liquor 

MFSP1: 0.95 $/LGE 

Ou et al., 2015 ChemCAD 
Feedstock: Defatted microalgae 

MFSP1: 584 $/m3 - 869 $/m3 

Pedersen et al., 2018 Aspen Plus 
Feedstock: 

MFSP1: $0.56 - 1.87/LGE 

Snowden-Swan et 

al., 2017 
Aspen Plus 

Affiliated with PNNL 

Feedstock: Wastewater sludge 

MFSP1: $2.35/GGE 

Tews et al., 2014 Aspen Plus 
Affiliated with PNNL 

Feedstock: Algae 

Zhu et al., 2014 Aspen Plus 

Affiliated with NREL, PNNL, and NABC 

Feedstock: Woody biomass 

MFSP1: $1.87 - $7.76/GGE 

Table 1.2: Non-comprehensive list of HTL process models. 

 

1  It is noted that minimum fuel selling “price” is really the cost of production. However, to be 

consistent with the literature, minimum fuel selling price (MFSP) will be used. 
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The literature and models discussed in this section are a small sampling of the many 

different energy models developed for a myriad of processes and purposes. 

1.3.2 Facility Scaling in Biofuel Production 

 Determining the appropriate size for a biofuel facility is a critical step in process design 

and economic feasibility. Facility size impacts capital costs, operational efficiency, resource 

allocation, and overall profitability. However, selecting the appropriate scale requires balancing 

multiple constraints, including feedstock availability, permitting requirements, infrastructure 

limitations, and transportation logistics. Understanding these factors is essential for minimizing 

costs and maximizing the economic viability of biofuel production. 

Much of the foundational work on plant scaling originates from the chemical process 

industry, where standardized scaling methods — such as the Rule of Six-Tenths — have been 

widely applied to estimate costs for facilities of different sizes. While these principles provide a 

valuable starting point, biofuel production introduces unique challenges due to the variability of 

feedstock supply, geographic dispersion, and logistical constraints. Despite the importance of plant 

scaling in biofuel production, relatively few studies have specifically examined this issue. The 

available research provides insights into how facility size and feedstock availability influence 

economic performance, but gaps remain in understanding how scaling decisions interact with 

biofuel-specific constraints. 

Gan and Smith (2011) developed a formula to determine the optimal plant size and 

feedstock supply radius for using biomass as either a power generation feedstock or conversion to 

cellulosic ethanol. The optimal plant and supply radius would result in the lowest production cost. 
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Twelve variables were studied, including transportation costs, moisture content, availability of 

feedstock over a given area, scaling factor, and energy content of the feedstock. Other costs, such 

as those related to biomass growth and harvest or storage, were considered fixed, unrelated to the 

size of the plant, and ignored. The study found that the optimal plant scale was tightly tied to 

feedstock energy content and energy conversion efficiency, and inversely related to transportation 

costs, moisture content and plant scale factor, which used a variation of the Rule of Six-Tenths. 

Optimal feedstock supply radius was correlated with increasing cost of conversion, operation rate, 

and feedstock energy content and decreasing transportation costs, moisture content, and feedstock 

availability (which was calculated as a combination of spatial distribution and proportion of land 

where biomass is grown) with transportation costs, conversion costs, and moisture content being 

some of the most strongly effective variables. The study concluded with finding that the total 

production costs were most sensitive to conversion costs, conversion efficiency, and feedstock 

energy content and least sensitive to feedstock availability. The paper, however, lacks versatility 

by simplifying fixed costs and conversion costs. 

Leboreiro and Hilaly (2011) completed a comprehensive study of the cost of corn ethanol 

using work done by NREL in 2002. The focus of the study was to determine how calculating 

transportation costs affects the total production cost. Three methods of calculating the distance that 

corn needed to travel were used: straight distance, sum of the catheti (triangle sides), and use of a 

winding factor. The study found that fixed costs (those that they defined as not varying with 

production such as taxes, insurance, labor, and depreciation) and transportation costs were in direct 

competition with each other, allowing for an optimum size to be found. Fixed costs per unit volume 

of production decreased with increased plant capacity while transportation costs increased with 
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plant capacity; the larger the plant, the farther corn stover bales must travel. The study assumed 

that 20% of farmers were willing to sell and that traveling farther would provide additional corn. 

The ethanol facility was evaluated in Macon county in Illinois. Corn was stored offsite at 

warehouses until needed. A single scaling exponent of 0.7 was used to scale capital costs, rather 

than scaling equipment pieces. The study found that inclusion of a winding factor shifts the 

distributions of travel distances to shorter hauls. This means that, of all the distances traveled to 

necessarily supply the ethanol facility, a higher percentage of them are shorter when the travel 

distance includes a winding factor. Furthermore, the study noted that, because storage warehouses 

were built offsite, storage was a significant factor in final ethanol costs. 

Kumar et al. (2003) completed a cost analysis of three different biomass sources – 

agricultural waste (straw), whole forest, and forest residue – for a power plant in Alberta Canada 

and compared it to the cost of coal. The study found that the cost of energy per MWh dropped 

drastically with plant capacity until a minimum was found, then slowly increased incrementally. 

Kumar et al. set a maximum capacity of 450 MW and found that the increase could be attributed 

to the discontinuity of plant sizing. Kumar et al. also found that while an exact optimum plant size 

could be identified, the cost of energy remained relatively stable across a range of sizes near this 

optimum. This suggests that multiple facility sizes could be viable within a 10% cost variation, 

allowing for flexibility in scaling decisions. Transportation costs were determined by using an 

average hauling distance. Biomass cost was determined by cost of growth, collection, and nutrient 

replacement of the area and not by market costs, which was also assumed by Leboreiro and Hilaly 

(2011). Storage was kept low and limited to two weeks. Ash removal and disposal were considered. 

Capital, operation and maintenance costs were based on literature, although it was noted that 
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literature varied widely on costs per unit of energy. Due to the limited technology at the time, 

Kumar et al. found none of the biomass sources to be competitive without steep biomass tax 

credits. Today, there are several wood-based power plants worldwide and strong development in 

other biomass and wood-based energy technologies. 

These studies show that a lot of factors go into finding the ideal size of any biomass plant 

or facility size. Gan and Smith (2011) studied various factors and found that raising transportation 

costs, moisture content, and scaling factor led to a decrease in optimal size. Transportation costs 

and moisture content also strongly affected optimal feedstock supply radius along with conversion 

costs. Feedstock energy content was important for determining plant size and production costs. In 

the same year, Leboreiro and Hilaly (2011) found that how transportation distance is calculated 

can affect the cost of feedstock; a straight distance calculation led to delivered corn stover to be 

$96.64/Mg while a winding factor increased cost to $101.25/Mg. A winding factor leads to an 

increase in travel distance without increasing the available feedstock supply in a given radius. They 

also noted that offsite storage contributed significantly to final ethanol production costs. Despite 

all this, Kumar et al. found that plant size can vary significantly from the “optimum” without 

significant change in the cost of electricity sold. 

While these studies are a solid basis, no in-depth study of scaling has been done for an 

HTL plant. Additionally, all the studies discussed assumed feedstock is always available, even if 

further transportation is necessary. Transportation costs and proper scaling factors are important 

factors in ensuring all costs are properly accounted for and facility sizing is accurate. 
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1.3.3 Contracts 

As discussed earlier, contract theory has been studied for nearly over a century. Over the 

past decade, the number of studies focused on outcome-based contracts (OBCs) have gradually 

increased (Korkeamäki & Kohtamäki, 2019). Outcome-based contracts, also known as 

performance contracts, availability contracts, performance-based service acquisition (PBSA), 

performance-based logistics (PBL), and performance-based contracts (PBC) (Sandborn et al., 

2017) as well as functional products, solutions offerings, result-oriented product service systems 

(PSS) and advanced services (Grubic & Jennions, 2018), are used in various sectors such as 

healthcare (Honoré et al., 2004), public services or public-private partnerships (PPP) (Hu et al., 

2014), construction (Hu et al., 2014) and many other industries. For the purposes of this proposal, 

recent studies on contracts can be separated into case studies and contract models. 

1.3.3a Case Studies 

Böhm et al. (2016) studied the difference between availability and economic OBCs. An 

availability contract focuses on the use or availability of the product or service while an economic 

contract concentrates on the capability or result of a product or service. The team sent 

questionnaires out to buyers and sellers in multiple industries and received 259 responses. Based 

on the responses, the paper found buyers and sellers perceived higher benefits to economic OBCs 

(eOBC) over availability OBCs (aOBC) but found equal risk and performance for both buyers and 

sellers regardless of contract type. 

Grubic and Jennions (2018) compiled a list of case studies on outcome-based contracts to 

determine if eOBCs even exist. After discussion of each contract, it was determined that the only 



19 

 

possible eOBC in existence was Rolls-Royce’s power-by-the-hour contract model in which 

customers paid for the number of hours that a jet was in flight. 

Korkeamäki and Kohtamäki (2019) clearly disagreed, dedicating an entire paper to 

disproving Grubic and Jennions. They interviewed thirty managers from an independent power 

producing company then discussed the results. They found a discrepancy in the definition of 

eOBCs between Böhm et al. (2016) and Grubic and Jennions (2018). They also warned that 

managers should be careful about risks and consider total costs and possibilities when engaging in 

outcome-based contracts. Finally, the study concluded that contracts in the power and technology 

industries are geared towards eOBCs and that, as the technology industry grows, so will the use of 

economic contracts. 

1.3.3b Contract Models 

Most contract research focuses on case studies and, as such, there are few contract models. 

The existing contract models are typically either very application specific or too generic to be 

useful and typically use contracts to reach a greater objective than just the contract covers. 

Crespo Marquez and Blanchar (2004) modeled three contract types where strategic parts 

were acquired. The three contract types described are structured, firm contracts where demand is 

certain and risk is low, contracts with flexible quantity and price where demand risk management 

is better managed and earnings are predictable, and specific term contracts where the right volume 

is produced at the right time at the right price. Three demand and spot price scenarios were run 

under the three contract types. The paper considers inventory storage and cost of parts as part of 

its model. The purpose of the model was not to find the “best” contract but to discuss the trade-
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offs between different types. The paper closely follows traditional contracts rather than those based 

on performance. 

Availability is a type of outcome-based contract that ensures that systems are available 

when needed. Macchi et al. (2016) simulated a generic system and the degradation that naturally 

occurs over time. The team tested four scenarios under which maintenance or replacement may 

happen over the lifetime of the system and compared them on a cost and environmental basis. The 

paper found that regular maintenance on a system before failure or default not only saves costs but 

also reduces carbon equivalent emissions. 

Hendalianpour et al. (2022) created a system dynamics model focusing on contracts in the 

oil industry. The model tested five contract scenarios and worked to determine the best contract 

between an oil rich country and a private company that would like to harvest and sell the oil. The 

paper balanced benefits and disadvantages for both the host country and the independent oil 

companies by evaluating the impacts of the environment, human error, productivity, oil cost, other 

economic variables, and a host of additional variables. The study also considered expert opinions 

and weighed them according to importance. The paper determined that splitting revenue equally 

between the investor and the country allowed for strong government oversight to protect the 

country’s interest while allowing for the company to be innovative and encouraged to maximize 

profits. 

In power generation, it is important to have contracts in place to reduce costs and loss of 

power and allocate risks equally. Many of these contracts take the form of a power purchase 

agreement (PPA). PPAs are performance based, shared-risk contracts between a utility company 

and an energy generator (Bruck et al., 2018). These contracts detail pricing based on the levelized 
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cost of energy (LCOE), tax credits, operational costs and all other costs related to the project and 

are useful in defining responsibilities when the utility company is buying from independent 

generators such as homeowners with solar cells on their roof or farms that own wind turbines; 

however, according to Chaiken et al. (2021), a study in Ohio showed that three of the four existing 

utility companies owned their own generators. Chaiken et al. developed an analytical model to 

examine the incentives in PPAs and found them to be financially unviable, suggesting policies and 

dismissing subsidies while admitting to ignoring environmental effects. Bruck and Sandborn 

(2021) discussed how PPAs are currently developed using the levelized cost of energy (LCOE) 

and proposed a new way of calculating it to demonstrate the impacts of cost on energy. 

1.3.4 Waste-to-Energy 

Waste-to-energy (WTE) is a process that converts waste into any type of usable energy, 

primarily transportation fuel or electrical generation. Waste is defined as something that no longer 

retains its original usefulness and is discarded; municipal solid waste (MSW) is waste that is 

typically thrown away in the trash – lawn waste, food waste, and everyday items (Environmental 

Protection Agency, 2016). As of 2021, the U.S. has 64 WTE facilities, producing 13.6 billion 

kilowatt- hours of electricity (U.S. Energy Information Administration, 2022). Figure 1.3 shows 

the types of waste disposed of in 2018. 
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Figure 1.3: Total MSW generation in the U.S. by waste type in 2018 (U.S. Energy Information Administration, 2022). Source: 

U.S. Energy Information Administration (2022). 

Schneider (2013) published a thesis on construction and demolition waste (C&DW) in the 

Northwest United States. In this thesis, the author investigated wood waste in Washington, Oregon, 

Idaho, and Montana including wood waste supply chain, factors affecting wood waste production 

and collection, federal and local policies and laws, and recycled wood waste markets. Schneider 

delved into MRFs (material recovery facilities) which collected recycled wood in one location. He 

discussed that tipping fees, i.e. fees associated with dropping off waste, at MRFs were generally 

cheaper than landfills. He also detailed that C&DW is typically incinerated for electricity due to 

the inhomogeneity of the waste. The goal of Schneider’s thesis was to determine idealized 

locations for biomass pellet production. 

Liu et al. (2019) modeled the social, economic, and environmental effects of construction 

and demolition waste (C&DW) disposal in Guangzhou, China. Disposal management included 

illegal dumping, landfilling, recycling, and reuse; incineration was discussed but was not 
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investigated as it is not a common disposal method utilized in China. The paper determined that 

landfilling was the cheapest option in Guangzhou, however it also produced the most GHG. It 

suggested that with policy, landfilling could be reduced, and more environmentally friendly ways 

of disposing of C&DW could be enforced. While this paper did not discuss transforming the waste 

into energy, it is an important paper to show the scale of construction and demolition waste and its 

availability to be utilized as a source of energy. 

Malinauskaite et al. (2017) extensively researched multiple countries in the European 

Union and their relationship to WTE. The author wrote extensively about how waste can be used 

as a resource, however waste should first be prevented, reused, or recycled before recovered. The 

paper described multiple technologies available to recover energy via waste including anerobic 

digestion, gasification, pyrolysis, transesterification, and fermentation which can be converted into 

electricity, heat, fertilizer, and other useful applications. The team then detailed ten countries’ 

WTE programs and how they have worked to reduce landfilling as that is a cheap and easy option. 

The biggest difficulty appeared to be the different definitions each country provided for waste. 

Finally, the paper spoke on how some countries sold their waste or sent it away to be handled 

elsewhere so that the country did not have to handle waste management. 

Chen and Liu (2021) studied the greenhouse gas emissions resulting from four types of 

waste-to-energy electricity generation: landfill the waste (no WTE system); incinerate all waste; 

recycle as much waste as possible and incinerate the rest; and recycle first, generate gas via 

anaerobic digestion (AD) second, then incinerate the rest. A model was developed for Taoyuan 

City and compared results with data from 2009-2019. The model then developed trends based on 

that data and extrapolated it out thirty years. The paper found that recycling produced the least 
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amount of GHG, however it suggested using AD-based electricity generation to minimize GHG 

while maximizing electricity. 

1.3.5 Feedstock Pile Properties 

The composition of a biofuel feedstock is incredibly important as it can affect the waste 

produced as well as the quality of the final product. The properties of ash content, moisture, higher 

and lower heating value, dry matter loss, elemental content, biocrude yield, and gas yield have 

been tested multiple times using various different feedstock over time in multiple different 

scenarios. 

Storage of feedstock is inevitable in a biofuel operation. Feedstock availability will 

fluctuate with the seasons and is not continuous; it is thus typically stored in a “pile”. This pile is 

not uniform in its properties and these properties can change due to the conditions under which it 

was stored. Agblevor et al. (1995) found that feedstock affected by microbial degradation had 

reduced higher heating values (HHV). Kougioumtzis et al. (2021) studied changes in olive tree 

pruning in two piles on a concrete slab, one covered and one left uncovered. The study found that 

the uncovered pile experienced higher levels of dry matter loss and moisture content along with 

decreased lower heating values (LHV). Eisenbies et al. (2016) studied three different feedstocks 

on a paved area. Prior to being moved to the paved area, the feedstock was left on an unpaved area, 

introducing soil to the piles. The researchers attributed higher ash levels to this contamination. 

They also found that leaving the feedstock open to the elements resulted in wide variations in 

properties over time and location. Both studies (Eisenbies et al., 2016; Kougioumtzis et al., 2021) 

monitored temperature and variations across the pile. 
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San Juan et al. (2019) modeled a macroeconomic system of co-firing coal and biomass 

power plants. This model criticized other models for focusing on a single objective – economic as 

maximum profits, environmental as minimum emissions, or social as maximum job opportunities 

– and took pretreatment of biomass and biomass quality into account. The paper works to 

maximize profits, minimize emissions, and meet capacity constraints and energy demand using a 

goal programming MINLP (mixed-integer nonlinear programming) model. It found that 

withholding feedstock properties artificially reduced the cost and emissions associated with co-

firing. It also found that the quality of the feedstock greatly varied the cost and emissions as 

transportation, storage, and pretreatment of the biomass varied. The feedstock quality could be 

improved with careful feedstock selection and pretreatment, but this increased capital and purchase 

costs. The paper also considered damage to the equipment due to fouling and poor-quality 

feedstock. 

Further discussion of biomass properties will be discussed in Chapter 2 and Chapter 3. 

1.4 Research Gaps 

Despite the increasing number of techno-economic and process modeling studies in the 

biofuel space, significant research gaps remain, particularly in capturing the dynamic behavior of 

feedstock systems and integrating outcome-based contractual structures. Most existing biofuel 

models focus on long-term, year-to-year trends, often emphasizing national-scale logistics, policy 

impacts, or greenhouse gas (GHG) emissions. While these studies provide valuable insights, they 

typically overlook short-term and seasonal variability — especially critical for feedstocks like 

woody biomass that are subject to moisture changes, degradation, and fluctuations in availability. 
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Furthermore, several HTL process models exist, many developed using Aspen Plus, and 

use inherently static tools. Current literature does not model HTL systems dynamically, and few 

incorporate the seasonal, location-dependent, or storage-induced variability that affects feedstock 

properties and system performance over time. 

Additionally, no research has been done on the effect of unpiling, or the order in which 

feedstock is retrieved from storage, on process inputs. FIFO, first in first out, assumes that the 

oldest feedstock will be used first. LIFO, last in first out, uses the freshest feedstock. Homogeneous 

(HG) assumes the storage pile is well mixed and homogeneous in all ways. The method of unpiling 

affects the residence time of biomass in the pile and, consequently, its moisture content and dry 

matter loss. While feedstock degradation during storage has been acknowledged in static studies, 

no existing models simulate the unpiling process or assess its economic implications. 

Although facility scaling is a well-established concept in chemical engineering and 

industrial design, it remains underexplored in the context of hydrothermal liquefaction (HTL). As 

of 2025, only one commercial HTL facility is operating at full capacity, with several pilot and 

demonstration plants constructed and full-scale commercial facilities proposed but lacking 

concrete timelines. This highlights the emerging nature of HTL technology and the need for further 

exploration. While existing studies have contributed valuable insights into HTL systems, they 

typically rely on static modeling approaches that do not capture the variability seen in real-world 

operations. Additionally, many economic assessments simplify capital cost estimation by applying 

a single scaling exponent across the entire facility, which may overlook the differing cost behaviors 

of individual process components. These gaps present an opportunity to build on existing work by 
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introducing dynamic inputs and more granular scaling techniques to better evaluate how facility 

size affects economic performance under varying conditions. 

Contract modeling, particularly outcome-based contracts (OBCs), represents another 

significant gap. Most research on outcome-based contracts revolves around case studies (Böhm et 

al., 2016). Modeling of outcome-based contracts tends to focus on availability contracts, or the 

contracts are a secondary component to a larger topic. Only one paper was found to have 

dynamically simulated contracts (Hendalianpour, 2022) and only five scenarios were tested. In the 

existing works, the engineered system is always the plant and never the contracts. This dissertation 

assumes that the biofuel facility will operate under a contractual agreement in which a separate 

party is responsible for supplying a defined amount of wood waste. Failure to meet this obligation 

may result in penalties for the supplier. 

Finally, few existing models comprehensively integrate all relevant cost drivers — 

including dynamic feedstock behavior, degradation, contract penalties, and varying capital and 

operational expenditures — into a cohesive framework. Most techno-economic analyses rely on 

simplified assumptions and static inputs, which may misrepresent the true costs and risks 

associated with real-world biofuel systems. 

This dissertation addresses these research gaps by building an integrated, dynamic model 

of an HTL biofuel facility, incorporating feedstock property changes during storage, unpiling 

methods, seasonal and locational variability, detailed cost modeling, and outcome-based contract 

structures for feedstock. By simulating these interconnected components, the model provides new 

insights into how facility scale and system performance can respond to realistic, fluctuating inputs. 
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1.5 Objective 

The objective of this research is to create a comprehensive model of a biofuel process in 

order to evaluate its scalability and economic feasibility under outcome-based contracts. The 

model consists of four submodels — piling, HTL process, cost modeling, and contracts — to assess 

the impact of feedstock storage, process variability, facility scaling, and contract structures on 

minimum fuel selling price (MFSP). The intention is to scale the capacity of a biofuel processing 

facility based on the associated contracts.  The following tasks are necessary to achieve this 

objective: 

1. Data Acquisition and Feedstock Characterization 

a. Develop a dataset on woody biomass availability using historical municipal 

solid waste (MSW) and woody waste trends based on location, season, and 

population.  

b. Characterize biomass properties (e.g., solid residue and conversion yields) 

based on literature.  

c. Build a dataset on moisture content of freshly cut wood based on geospatial tree 

species and recorded moisture content of trees. Use known seasonal variation 

of moisture content for a set of trees and expanding to other locations. 

2. Storage and Piling 

a. Develop a model to simulate the effects of storage (piling) on feedstock 

properties over time, including moisture content and dry matter loss.  
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b. Incorporate seasonal and geographic variations to assess how location-specific 

storage conditions impact feedstock quality and availability i.e. historical 

temperature and relative humidity data.  

c. Model “unpiling” by assessing FIFO (first in first out), LIFO (last in first out), 

and homogeneous (uniformly mixed) process intake order. 

3. HTL Process Model 

a. Construct a model of the HTL process to simulate feedstock conversion into 

biocrude, byproducts, and waste streams.  

b. Calibrate the model using published literature to ensure accuracy in yield 

predictions and resource usage. 

c. Integrate variability in feedstock properties from the piling model to assess their 

influence on HTL efficiency and outputs. 

4. Cost Modeling 

a. Develop a cost model to estimate capital and operational expenses for facilities 

of varying sizes.  

b. Assess economies of scale by analyzing the relationship between facility size, 

feedstock supply, and production costs.  

c. Quantify disposal costs for waste byproducts generated during processing. 

5. Evaluate Outcome-based Contract 
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a. Implement three types of contracts for acquiring feedstock: free market 

conditions (no contract and price is fixed), single-limit contracts (minimum 

production requirements with penalties), and dual-limit contracts (upper and 

lower limit quantities set).  

b. Evaluate how contract structures influence facility scaling decisions and 

economic feasibility, using minimum fuel selling price (MFSP) as a key 

performance metric. 

6. Integrated Biofuel Case Study and Analysis 

a. Develop a logistical framework that accounts for feedstock collection, biocrude 

production, byproduct utilization, and waste disposal. 

b. Incorporate seasonal and geospatial factors such as feedstock variability and 

availability, biomass properties, storage effects (e.g., piling and degradation), 

and location-based resource costs. Three locations—Bend, Oregon; Boone, 

Iowa; and Baltimore, Maryland—were analyzed due to their variations in 

population density and available waste wood. 
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Chapter 2: Woody Biomass Dataset Development 

This chapter compiles the necessary data to develop a dataset consisting of biomass 

properties, including dry matter loss during storage and biofuel yields. Moisture content and its 

changes during storage are estimated using forest composition, standard moisture content for 

different tree species, and seasonal variations. Additionally, feedstock availability is projected 

based on historical waste trends, population growth estimates, and seasonal fluctuations in wood 

waste. 

2.1 Introduction 

As the demand for renewable energy continues to rise, biomass remains a promising 

feedstock for biofuel production. Biofuel is any fuel derived from organic matter. Traditionally, 

biofuels are categorized into three generations based on their source materials and production 

methods (Environmental Protection Agency, 2022). First-generation biofuels, such as corn ethanol 

and biodiesel, are derived from food crops using fermentation or transesterification. Second-

generation biofuels are made from cellulosic material, crop waste, and municipal solid waste 

(MSW) and did not start commercial production until 2013. Algae is the third generation of 

biofuel. Among these, MSW represents an underutilized yet consistently available biomass source. 

Defined by the EPA as including everyday items such as product packaging, yard trimmings, 

furniture, clothing, and newspapers (Environmental Protection Agency, 2024d), MSW contains a 

significant amount of woody biomass that could be diverted from landfills for biofuel production. 

However, the use of MSW-derived biomass in biofuel production is complex due to both 

its availability and its physical and chemical properties. Unlike dedicated energy crops, MSW 
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composition is highly variable, influenced by regional waste management practices, consumption 

patterns, and recycling rates. Additionally, its availability is not static — it fluctuates over time 

due to population growth, seasonal patterns, and policy changes. The U.S. population is projected 

to reach 406 million by 2060 (Vespa et al., 2020), which could significantly affect both waste 

generation and biomass supply. Understanding these trends is essential for assessing the long-term 

feasibility of MSW as a biofuel feedstock. 

Beyond availability, the characteristics of woody biomass in MSW play a crucial role in 

determining its suitability for biofuel production. Typical models assume static feedstock 

properties, but variables such as feedstock type, harvest time, seasonal variables, weather, type of 

soil, and regional differences can lead to differing levels of moisture content and ash. Moisture 

content, for instance, directly affects handling and processing costs. Moisture content in feedstock 

displaces useful carbon and dry matter in feedstock, making it expensive to transport. Shahabuddin 

et al. (2023) found that feedstock delivery can increase the cost of biocrude by $1.00 – $1.45 per 

gallon of gas equivalent (GGE). Kenney et al. (2013) found that wet feedstock takes more energy 

to grind and has the potential to clog equipment. On the other hand, drying feedstock is also an 

expensive process, and the hydrothermal liquefaction (HTL) process utilizes wet feedstock over 

its dry counterpart, pyrolysis. Furthermore, different process conditions can significantly alter the 

composition and relative amounts of resulting products, such as biocrude, gas, aqueous phase, and 

solids.  

Similarly, ash content impacts process efficiency and cost. Ash could be dirt or may contain 

hazardous metals thus it must be properly disposed of. Coal ash, for example, contains harmful 

toxins such as arsenic, mercury and lead (Earthjustice, n.d.; Sierra Club, n.d.; Santillana & Evans, 
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2023). It is currently disposed of via ponds, which can leach into water used by the general public, 

or is trapped as a filler in concrete (Earthjustice, n.d.; Sierra Club, n.d.; Santillana & Evans, 2023; 

Environmental Protection Agency, 2024a).  

Accurately quantifying both feedstock availability and biomass properties is essential for 

evaluating the economic viability of waste-to-energy processes. This chapter presents a 

comprehensive analysis of these factors that results in the development of a dataset to assess 

moisture content variability, dry matter loss, and biofuel yields. Additionally, it examines 

historical waste trends, population projections, and seasonal fluctuations in wood waste to better 

understand the long-term potential of MSW-derived biomass as a feedstock for biofuel production. 

Understanding the properties of woody biomass is an important part of any biofuel conversion 

facility and must be accurately determined for proper cost analysis. 

2.2 Literature Review 

Understanding the properties of woody biomass and its availability in municipal solid 

waste is essential for evaluating its potential as a biofuel feedstock. This section reviews existing 

literature on wood waste composition across different locations, key biomass characteristics such 

as moisture content, and the impact of process conditions on byproduct yields. 

2.2.1 Wood Waste 

Waste has always been something that must be controlled. Without proper channels in 

which to dispose of material, the world would be filled with pollution and trash. The Solid Waste 

Disposal Act was passed in 1965 and has been described by the EPA as “the first statute that 

specifically focused on improving solid waste disposal methods” (Environmental Protection 
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Agency, 2024b). In 1976, the Resource Conservation and Recovery Act was added as an 

amendment. It laid out four national goals: protect human health and the environment from the 

potential hazards of waste disposal, conserve energy and natural resources, reduce the amount of 

waste generated, and ensure that wastes are managed in an environmentally-sound manner. To 

track progress, waste streams were tracked by states and categorized. According to the EPA, 100% 

of waste was discarded in 1960 (Environmental Protection Agency, 1999), however in 2018, 50% 

of municipal solid waste was landfilled (Environmental Protection Agency, 2024c). 

In 2009, data from eleven states were analyzed to determine national discarded waste for 

both municipal solid waste and construction and demolition (C&D) waste (Staley & Barlaz, 2009). 

The paper noted differences in waste tracking and collection such as different categorizations, 

different methods of categorizing waste, differences in waste management, i.e., landfilling, 

recycling, combusting, etc., accounting for or not accounting for C&D waste, wet versus dry basis 

measurements, differences in accounting for importing or exporting waste, and other differences 

between states. The states also collected data during different times of the year, but did not publish 

differences per season; rather, they used it to estimate yearly averages. MSW rates varied from1.26 

to 2.52 kg per person per day. On average, wood accounted for 3.4% dry weight of the MSW 

stream, varying from 0.3% to 7.7%. Lumber accounted for an average of 39.7% of C&D waste, 

varying from 25.5% to 55.4%. The paper noted that some states did not report differences between 

C&D and MSW and thus national C&D composition estimates may not be fully accurate. The 

paper also found that discarded MSW was highly correlated with population (R2 = 0.95), which 

was corroborated by Wiltsee in 1998 (R2 = 0.95); on the contrary, C&D discarded waste was not 

correlated with population (R2 = 0.52), which was also corroborated by Wiltsee (R2 = 0.56).  
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The US is not the only country to track and categorize their waste. In 2011, the Czech 

University of Life Sciences (Hanc et al., 2011) categorized both urban and family housing 

biowaste over a one-year period. The study found that garden waste, which is only generated in 

family housing, varies significantly by season. In the summer, very little garden waste is produced. 

During autumn, garden waste primarily consists of grass clippings, leaves, and other small matter, 

which accounts for 90% of the total. In contrast, during the winter and spring, larger branches and 

wood matter dominate, making up 45% of the garden waste. On average, wood accounted for 

17.5% of family housing garden waste. The study also found that urban waste was stable 

throughout the year. 

Similarly, from 2009-2011, a study was done characterizing municipal solid waste 

seasonally in four Eastern European cities (Denafas et al., 2014). In Lithuania, an increase in MSW 

was observed due to spring cleaning and an increase in organic waste increased in autumn due to 

harvesting; wood and yard waste peaked in the summer. In Georgia, MSW generation was lowest 

in February and highest in August. In January, there was a marked increase in food waste and in 

August there was an increase in wood and yard waste. Russia was found to have the highest MSW 

in autumn and the least in the summer. Ukraine experienced moments of increase due to spring or 

autumn cleanups.  

In 2014, a study updated the characterization of municipal solid waste in Kuwait on a bi-

seasonal basis (Al-Jarallah & Aleisa, 2014). The study found that composition changed 

significantly from the previous composition study, done in 1995, most likely due to the Gulf War. 

The study also found that nearly all categories shifted seasonally, with summer producing a higher 
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proportion of organic waste, while winter generated mostly corrugated fiber, PET bottle, wood, 

metal, and glass waste.  

In Korea, a municipal solid waste incinerator facility analyzed the composition of incoming 

waste (Kang et al., 2020). The study found no seasonal changes in composition, except for wood, 

which was highest in autumn, and lowest in the spring. This is due to autumn leaves and branches 

cleanup. 

Summarizing the above studies, it’s clear that each culture and country has their own 

fluctuations in waste. In the Czech Republic, wood waste was highest in winter and spring, while 

in Lithuania it peaked in the summer. These studies show that fluctuations happen in accordance 

with traditions, holidays, and geographical weather. 

2.2.2 Moisture Content 

Moisture content is a significant cost factor in the transportation and disposal of biomass. 

Although the hydrothermal liquefaction (HTL) process being modeled requires the addition of 

water, excessive moisture must be managed to prevent water contamination in the resulting 

biocrude (Tews et al., 2014). 

The moisture content of freshly cut trees, or “green wood,” varies significantly due to 

multiple factors. Kenney et al. (2013) demonstrated that moisture content can fluctuate 

considerably from year to year. For example, a comparison of corn stover moisture content across 

the Midwest in 2009 and 2010 revealed two different moisture content frequency profiles and 

average values. Glass and Zelinka (2021) further cataloged average moisture contents for various 

tree species, distinguishing between heartwood and sapwood. Heartwood, the dead wood at the 
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tree's core, typically contains less moisture than sapwood, the living wood beneath the bark. They 

noted, “Variability of green moisture content exists even within individual boards cut from the 

same tree.” Additionally, Bergman (2021) documented equilibrium moisture contents—the 

moisture content of wood after it has fully dried—based on specific geographic locations. 

An extensive six-part study conducted by Oregon State University (Sessions et al., 2017) 

examined the collection and utilization of woody biomass across Washington, Oregon, Idaho, and 

Montana. This research identified differences in the moisture content of Douglas-fir trees growing 

in the Willamette Valley compared to those at higher elevations, attributing these variations to site-

specific conditions rather than species differences. The study also highlighted an inverse 

relationship between heartwood proportion and moisture content. Notably, branches closer to the 

treetops exhibited higher moisture content than the bole (tree trunk). While seasonal differences 

in moisture content were generally minor, some species showed significant seasonal variation. For 

instance, Ponderosa pine had higher moisture content in the winter, while Douglas-fir in the 

Willamette Valley was significantly drier during the summer, likely due to drought conditions. 

Across all species, branch moisture content displayed greater seasonal variability, with branches 

tending to be drier in summer and wetter in winter. 

Once trees have been cut, they begin to dry. Generally, wood is piled and stored prior to 

use and the ways in which it is piled vastly contributes to the drying rate. This is discussed further 

in Chapter 3. Table 2.1 shows moisture content assumptions used in various studies and for various 

feedstocks. 

It is important to clarify the difference between moisture content measurements: as-

received, dry basis, and wet basis. As-received refers to the condition in which the feedstock is 
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received from the supplier. Wet basis moisture content includes the weight of the water, whereas 

dry basis excludes it. Moisture content is determined by weighing the feedstock, drying it 

completely to remove all moisture, and then weighing the dried material. The reduction in weight 

is the loss of moisture, or the water weight. On a dry basis, moisture content is calculated as the 

water weight divided by the weight of the dried feedstock. Since the weight of the water can exceed 

that of the dried feedstock, dry basis moisture content can exceed 100%. On a wet basis, moisture 

content is calculated as the weight of the water divided by the total initial weight of the feedstock 

(dried feedstock plus water weight), ensuring it remains at or below 100%. 

Many HTL studies report biofuel facility capacity based on dried feedstock, but in practice, 

feedstock entering the process contains moisture, which affects handling, processing, and resource 

requirements. Therefore, in this study, all properties are presented on a wet basis unless otherwise 

specified. However, it is important to note that some studies, including those referenced in Table 

2.1, do not always explicitly state the basis on which moisture content or other properties are 

reported. Some sources explicitly state whether values are given on a wet or dry basis, while others 

do not provide this information. As a result, direct comparisons between studies should be made 

with caution, as assumptions about the basis of measurement may introduce discrepancies. 

Feedstock 
Moisture Content 

(% by weight) 
Reference 

Varies in composition 16.7 Cecílio et al. (2023) 

Pine sawdust 31.1 Braz et al. (2019) 

Clean pine & forest residue 10.0 [dried from 50%] Hartley et al. (2021) 

Woody biomass ≤ 10 Hossain et al. (2022) 

Algae 10 [dried from 80%] Jones et al. (2014) 



39 

 

Loblolly pine 48 Knorr et al. (2013) 

Forest residue 50 Magdeldin et al. (2017) 

Forest residue 50 Magdeldin et al. (2018) 

Kenaf 8.3 Meryemoğlu et al. (2014) 

Sorghum 10.4 Meryemoğlu et al. (2014) 

Wheat straw 8.8 Meryemoğlu et al. (2014) 

Forest residue 48.91 Nie & Bi (2018) 

Radiata pine 50 Ong et al. (2018) 

Weak black liquor 18.3 Ong et al. (2018) 

Scenedesmus (microalgae) 80 Ou et al. (2018) 

Aspen wood 0 Pedersen et al. (2018) 

Distillation residue 0 Pedersen et al. (2018) 

Chipped forest residue 50 Tews et al. (2014) 

Corn stover 5.3 Zhang et al. (2008) 

Aspen wood 5.7 Zhang et al. (2008) 

Pretreated aspen wood 5.4 Zhang et al. (2008) 

Rice straw 2.54 Zhang et al. (2021) 

Ground woody biomass 50 Zhu et al. (2014) 

Table 2.1: Moisture content assumptions for various studies. 

2.2.3 Byproduct Yields 

The HTL process yields biocrude and many byproducts – solid residue such as char and 

ash, aqueous solution, and gas being the primary byproducts.  

The HTL process has many parameters that determine the products – temperature, pressure, 

solvent and/or catalyst content and concentrations, type of feedstock and related properties, and 
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even the surface that the feedstock is stored on. Eisenbies et al. (2016) found that handling and 

transportation caused soil contamination and an increase of ash content of 0.8%. 

Many researchers claim that temperature is the defining processes in determining yield 

products (Dimitriadis & Bezergianni, 2017; Magdeldin et al., 2017; Castello et al., 2018; Cecílio 

et al., 2023). Per Magdeldin et al. (2017), different temperatures determine the predominate 

product, with lower temperatures leading to higher char content and higher temperatures leading 

to syngas. Moderate temperatures build hydrocarbon chains in the form of biocrude and aqueous 

solution. Studies on product yields above and below the water critical conditions seem to be a point 

of research. Castello et al. (2018) notes that temperature is a dominant parameter at subcritical 

temperature and pressure, however above that more research is needed into how pressure plays a 

part. Castello et al. also states that “temperatures above the critical temperature are typically 

referred to as the hydrothermal gasification regime”. Cheng et al. (2010) found that increasing 

temperature increased biocrude and decreased solid residue up to a point; at 350 °C, biocrude yield 

dropped significantly. 

Cecílio et al. (2023) developed an Aspen Plus HTL model to determine how changing 

parameters would affect the yield output. They found that temperature was also a strong predictor 

in how it impacted the solvent chemistry. Dimitriadis and Bezergianni found that by changing the 

solvent to methanol or ethanol, the critical point is lower, and supercritical state can be employed. 

Ethanol and methanal allow for milder reactions and can easily dissolve feedstock (Cheng et al., 

2010; Dimitriadis & Bezergianni, 2017). Cecílio et al. however noted that care must be given to 

avoid evaporation of the solvent. Castello et al., Cecílio et al., and Dimitriadis and Bezergianni all 

note that the role of a solvent is to reduce the formation of char and improve biocrude yield. 
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Castello et al. (2018) states that solvents extract organics from the slurry to improve biocrude 

yields. Solvents and catalysts can also be included post-process to upgrade the product, increasing 

biocrude yields and reducing char formation (Dimitriadis & Bezergianni, 2017). Per Elliot et al. 

(2015) the conditions and chosen additives are specific to the product composition. 

Higher temperature and properly chosen solvents are not the only way to increase biocrude 

yields. Hydrothermal liquefaction utilizes a slurry mixture of biomass, water, and, if used, solvent. 

Elliot et al. (2015) found that the slurry can be pumpable up to 35% solid-to-water ratio, however 

listed several studies where researchers struggled to pump above 15%, especially at industrial 

scale. Elliot et al. noted better pumpability with smaller particle size. Cheng et al. (2010) and 

Dimitriadis and Bezergianni (2017) both found that decreasing the biomass-to-water or biomass-

to-solvent ratio increases biocrude yields but also increases energy use and wastewater treatment 

and disposal costs. Castello et al. argues the opposite trend, with increasing dry matter 

concentration leading to higher biocrude yields. Castello et al. states that lower biomass-to-water 

ratios lead to more oxygen from the water and thus more biomass converting to a liquid aqueous 

solution or gas rather than biocrude, resulting in lower biocrude yields. Another way to increase 

biocrude yields is to recycle aqueous solution back through the HTL process and add it to the 

slurry mixture. By recycling the aqueous solution, there is a chance to recover uncaptured organics 

while also reducing additional water and water treatment costs. 

Gaseous byproduct is also an important byproduct to note. The off-gas from the HTL 

process can be captured and sold, burned for energy in the HTL process, or refined to hydrotreat 

the biocrude. In fact, several studies have included hydrogen plants as add-ons to biocrude 

conversion facilities (Hoffmann et al., 2013; Jones et al., 2014; Zhu et al., 2014; DeRose et al., 
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2019; ANL, NREL, and PNNL, 2021). Gas was found to be composed of primarily carbon dioxide, 

but also contained levels of hydrogen, nitrogen, methane and carbon monoxide depending on 

feedstock and process conditions (Cheng et al., 2010; Dimitriadis & Bezergianni, 2017; Magdeldin 

et al., 2017; Castello et al., 2018). Cheng et al. found that solvent had little to no effect on the yield 

of gas and that yield increased above 300 °C. 

Solid residue is another important byproduct that must be considered. Solid residue 

includes solid organics that were never converted into biocrude (char) or minerals that cannot be 

converted (ash). Ash is problematic as it cannot be transformed into biocrude. Kenney et al. (2013) 

reviews several sources of ash including dirt contamination from handling. In fact, woody residues 

contain 1.3 – 5.4 times more ash than samples taken from live trees. Kenney et al. found that 

harvesting time could reduce ash if delayed to winter for perennial grasses. DeRose et al. (2019) 

found that ATS algae was particularly ashy and needed pretreatment or face extensive costs to 

accommodate the larger capacity. Kenney et al. also noted that ash content in several biomass 

feedstocks were significant enough that cost of pretreatment (capital cost and resources) and 

disposal of ash must be considered. The Woody Feedstocks 2020 State of Technology Report also 

noted that feedstock properties, including ash, may vary spatially and temporally (Hartley et al., 

2021). Solid residue formation has a negative correlation with biocrude; any biomass that is not 

transformed into biocrude is gas, aqueous solution, or solid residue (Cheng et al., 2010; Dimitriadis 

& Bezergianni, 2017). For example, higher biomass-to-water ratios could decrease solid residue 

due to the increase in biocrude yields (Dimitriadis & Bezergianni, 2017). Dimitriadis & 

Bezergianni also found that residence time can affect solid residue formation. Solid residue 

decreases with residence time than increases with further time. Temperature appeared to be the 
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main driver of solid residue, with lower temperatures being correlated to higher char and solid 

residue yields (Cheng et al., 2010). Dimitriadis & Bezergianni found that certain solvents could 

suppress the formation of char and solid residue. Magdeldin et al. (2017) notes that some solid 

residue could be sold as bio-char. 

2.3 Developing the Dataset 

2.3.1 Projection of Available Wood Waste 

The first step to projecting future wood waste was to collect data on recycled or recovered 

wood waste as well as municipal solid waste in the three states being studied.  

Oregon published generated solid waste for select years 1992-2022 in the “2022 Material 

Recovery and Waste Generation Rates Report” (Shepperd et al., 2024). The same report also 

categorized recovered waste for the same years, including recovered wood waste. The recovered 

wood waste varied between 3.62% and 8.80% of the generated solid waste, with an average of 

5.87%. This solid waste includes construction and demolition waste but does not include industrial 

waste. 

Iowa's 2022 Statewide Material Characterization Study (Iowa Department of Natural 

Resources, 2022; Iowa Department of Natural Resources, personal communication, 2024) reported 

the percentage of waste in each category for the years 1998, 2005, 2011, 2017, and 2022 across 

the entire state. This included residential, industrial, commercial, and institutional waste streams. 

Two of the solid waste categories were treated wood and untreated wood. The average wood waste 

of the years published were between 3.1% and 9.2% with an average of 6.8%, however upper and 

lower bounds were also listed each year. The lowest was 2.5% in 2017 and the highest was 11.6% 
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in 2011. Total municipal solid waste tonnage was given via email exchange with Thomas 

Anderson from the Iowa Department of Natural Resources who clarified that the percentages came 

from the division of total MSW. 

Maryland publishes a “Maryland Solid Waste Management and Diversion Report” each 

year and reports were acquired for 2008-2022 (Maryland Department of the Environment, n.d. a-

h, 2009-2013, 2015, 2018). The total generated solid waste for the entire state was published each 

year along with the natural wood waste and wood materials captured by waste and recycling 

facilities. The wood waste captured by waste streams was, on average, 3.47%, ranging from 2.16% 

to 5.05% for the published years. This is significantly lower than Oregon and Iowa as Maryland 

imports and exports waste and also collects and counts waste collected on highways, which tend 

not to be wood-based waste. Maryland accounts for all sources such as permitted facilities, non-

permitted facilities, recycling data, and materials sent directly out of state which may inflate the 

total solid waste generated by the state. This is supported by comparing population data to total 

generated waste. It is noted that this is total solid waste and not solely municipal waste. 

Population data was next collected for the years in which waste data is available for each 

of the three states (Neilsberg Research 2024a-c; USAFacts 2022a-c). This provided an average for 

how much solid waste was generated per person in the state, which is shown in Table 2.2. 

Population predictions for the next 20 years, up to the year 2045, were also found. Population 

predictions for Oregon were found at the Office of Economic Analysis up to the year 2033 (State 

of Oregon Office of Economic Analysis Department of Administrative Services, n.d.). Neal 

Marquez at Portland State University Population Research Center provided unofficial data through 

2045, which was created in collaboration with the Oregon Metro’s planning group. Gary Krob at 
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the State Library of Iowa Department of Administrative Services provided population projections 

to 2060 for Iowa. Maryland Department of Planning (2022) published total population projects on 

a five-year basis, out to 2050, allowing for interpolation between off years. 

The final step in varying the available woody biomass was to generate the dataset. Using 

the population data and the solid waste per person, a randomly generated number within the 

appropriate range could be formulated: 

𝑆𝑊𝑦𝑒𝑎𝑟 = 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑦𝑒𝑎𝑟𝑋𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 Eq. (2.1) 

where SWyear is the yearly solid waste, Populationyear is the projected population for that year, and 

Xlocation is a normally distributed random value of the normalized municipal solid waste based on 

location. The sampled distributions are defined in Table 2.2 for the different locations. 

Once the solid waste for a year was 

determined, the amount of woody biomass per month 

could be calculated. Kang et al. (2020) published 

woody biomass variation per season in municipal solid 

waste at a South Korean incineration plant; this 

variation was used since U.S. seasonal data is not available. The annual solid waste generation was 

divided by 12 to obtain a monthly average and adjusted using a normal distribution based on the 

variability described by Kang et al. This determines the available woody biomass available in each 

of the three examined states each month until 2045. 

𝑊𝑜𝑜𝑑 𝑊𝑎𝑠𝑡𝑒𝑚𝑜𝑛𝑡ℎ,𝑦𝑒𝑎𝑟 = (
𝑆𝑊𝑦𝑒𝑎𝑟
12

)𝑋𝑠𝑒𝑎𝑠𝑜𝑛  Eq. (2.2) 

Location 
μLocation 

MSW [tons] 

σLocation 

MSW [tons] 

Oregon 1.32 0.14 

Iowa 0.76 0.11 

Maryland 2.17 0.15 

Table 2.2: Geospatial mean and standard deviation 

as informed by various MSW reports. 
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This is the wood waste estimated for each month based on the amount of municipal solid 

waste estimated for the year, varied based on seasonal changes. Xseason is a normally distributed 

random value of the normalized municipal solid waste based on season. The sampled distributions 

are defined in Table 2.3 for the different seasons. 

The woody biomass can also be limited 

by area. It was assumed that available woody 

biomass was equally available throughout the 

state; it was not limited to specific areas. The total 

landmass for each state was found: Oregon is 

98,386 mi2, Iowa is 56,276 mi2, and Maryland is 

12,407 mi2. The percentage of available woody biomass could then be found by percentage of 

landmass a radius occupied. For example, a 50-mile radius is 8.0% of Oregon, 14.0% of Iowa, and 

63.3% of Maryland. This allows for plant size to be varied by the amount of woody biomass 

available. 

2.3.2 Moisture Content Variation by Location and Season 

Tree species data for each state was collected from the Forest Inventory and Analysis (FIA) 

database (U.S. Forest Service Research and Development, n.d.), including the estimated number 

of trees for each species and the associated sampling error. Moisture content for each tree species 

was determined using published data from Glass and Zelinka (2021), which provides moisture 

content values for both heartwood and sapwood in hardwood and softwood species. Since sapwood 

moisture content more closely approximates wood waste, those values were used when available; 

otherwise, heartwood values were substituted. If a tree species was unable to be closely correlated 

Season μSeason MSW [-] σSeason MSW [-] 

Winter 0.10 0.03 

Spring 0.03 0.03 

Summer 0.05 0.06 

Autumn 0.15 0.06 

Table 2.3: Seasonal mean and standard deviation of wood 

waste in MSW as informed by Kang et al., 2020 
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to a moisture content, the average moisture of all trees was used. Once moisture content values 

were assigned to each tree species, the average moisture content for each state was calculated by 

weighing these values based on the proportion of each species in the total tree population. This 

approach assumes that wood waste availability in each state reflects the overall forest composition, 

and that tree species are evenly distributed across the state. The culmination of moisture content 

is therefore calculated using Equation (2.3): 

𝑀𝐶𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛 =∑𝑀𝐶𝑖 (
𝑃𝑖

𝑃𝑇𝑜𝑡𝑎𝑙
)  Eq. (2.3) 

Where MC is moisture content, i is the species of tree, and P is the population of trees. 

The moisture content must also be varied by location and season. Tree data supplied by 

FIA came with a sampling error with 95% confidence for each tree species. To find the standard 

deviation of moisture content of the trees, the sampling error had to first be converted to standard 

error (SE): 

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐸𝑟𝑟𝑜𝑟 (𝑆𝐸)

= (𝑆𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝐸𝑟𝑟𝑜𝑟 %)(𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑇𝑟𝑒𝑒 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛)/100 
Eq. (2.4) 

Once the standard error was found, the variance of each tree could be calculated: 

𝜎𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛
2 =  ∑𝑀𝐶𝑖

2  ((
𝑆𝐸𝑖
𝑃𝑇𝑜𝑡𝑎𝑙

)

2

+ (
𝑃𝑖

𝑃𝑇𝑜𝑡𝑎𝑙
 𝑆𝐸𝑇𝑜𝑡𝑎𝑙)

2

) Eq. (2.5) 

Where σ2 is the variance and SE is the standard error. 

To account for seasonal variations, data from Belart et al. (2019) was used, which provides 

seasonal moisture content changes for four tree species in Oregon. These seasonal variations were 

extrapolated to other locations, and the combined effects of seasonal fluctuations and tree 

population sampling error were analyzed to assess spatial and temporal moisture content 
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variability. The variance was then averaged, and the square root is the standard deviation of the 

moisture content: 

𝜎𝑇𝑜𝑡𝑎𝑙 = √
𝜎𝑆𝑒𝑎𝑠𝑜𝑛𝑎𝑙
2 + 𝜎𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛

2

2
 Eq. (2.6) 

Where σ is the standard deviation. 

With a total standard deviation determined for each state and season, daily fluctuations in 

incoming wood moisture content were estimated. This analysis assumes that the wood arriving at 

biofuel facilities is freshly harvested and has not lost or gained moisture post-harvest. 

Tree population and moisture data and calculations can be seen in Appendix A. 

2.3.3 Product and Byproduct Yields 

The main product of concern is the biocrude; byproducts include solid residue composed 

of char and ash, aqueous solution, gas, and water. Due to the complex nature of the product and 

byproduct yields, an average of known data using woody biomass was used for biocrude, solid 

residue, aqueous solution, and gas. These averages were used in the HTL process model and can 

be found in Table 2.4. The data used to calculate these averages can be found in Appendix B. It 

was noted that some papers referred to solid residue as solid residue, char, or ash, and did not 

always distinguish between them. In this chapter, char refers to unconverted solid carbon, while 

ash refers to minerals that cannot be converted to biocrude, such as dirt. Due to the complexity of 

ash contamination, data on ash, char, and solid residue varied significantly from study to study. 

Thus, solid residue was set to 3% ± 1% based off Knorr et al. (2013).  
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 Aqueous solution is another complex byproduct. Some studies separate water from 

organics, some distinguish soluble organics from non-soluble organics, and some combine all 

liquid byproduct that is not biocrude. For this reason, aqueous solution is approximated as 15.74% 

and the remaining unspecified byproduct is assumed to be water. While Knorr et al. (2013) 

assumes 3% water and 46.4% 

aqueous organics, the 15.74% 

aqueous solution assumption 

falls in line with other studies, 

particularly the multiple 

experiments done by Zhong & 

Wei (2004). 

These parameters can be varied and changed in the future with new experimental data and 

improvements in technology. 

 

  

Yield Average (-) Standard Deviation (-) 

Biocrude 0.2793 0.1071 

Solid Residue 0.0300 0.01 

     % SR Ash 0.4141 - 

     % SR Char 0.5859 - 

Aqueous Solution 0.1574 0.0905 

Gas 0.1620 0.0657 

Table 2.4:  Yield property assumptions. 
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Chapter 3: Modeling the Moisture Content and Dry 

Matter Loss in Dynamic Woody Biomass Storage Piles 

with Variable Extraction 

This chapter explores the effects of different “unpiling” techniques, i.e. the way feedstock 

is removed from the storage pile for use in the hydrothermal liquefaction (HTL) process. The three 

unpiling techniques are FIFO (first-in, first-out), LIFO (last-in, last-out), and homogeneous (HG, 

where all feedstock in the storage pile is homogeneous). Moisture content reduces overtime, 

however there is also dry matter loss, which degrades the feedstock.  

3.1 Introduction 

In 2015, world leaders and diplomats signed the Paris Agreement in an attempt to mitigate 

global climate change. The aims are to limit average temperature rises to 1.5°C above pre-

industrial levels, increase climate resilience, and make financial decisions that reduce greenhouse 

gas emissions. However, in 2018, the Intergovernmental Panel on Climate Change stated that 

global temperatures were still expected to exceed 1.5°C by early 2030s (Allen et al., 2018), and in 

January 2024, the EU's Copernicus Climate Change Service stated that temperatures had been over 

the 1.5°C threshold for over a year (Poynting, 2024). To reduce greenhouse gases and prevent 

global warming, fossil fuels must be phased out in favor of renewable energies. One compelling 

alternative fuel option is biomass. Biomass is matter from recently living organisms; biofuel is 

biomass that has been transformed into useable fuel. 
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Biomass comes from a variety of sources ranging from forest residue from logging, 

agricultural crop waste, to municipal construction waste. Once collected, it must be stored properly 

to improve handling and transportation, reduce undesired property changes, and reduce cost 

volatility in order to provide a continuous product stream into biofuel processes. As seasons 

change, the availability of feedstock changes along with its cost. Appropriately collected and 

managed biomass can be used for power generation, directly heat homes, or it can undergo a 

process such as pyrolysis or gasification to turn it into biofuel for use in transportation and other 

applications. 

Prior to biofuel processing, biomass can be stored in multiple ways. Paper and paper mill 

waste can be formed into burnable briquettes. Agricultural waste can be baled or ensiled. Woody 

biomass is typically chipped and piled. These woody biomass piles can be formed at the site of 

harvesting, in which the chipped wood is left on dirt ground, or at a processing facility where the 

chipped wood can be stored on different surfaces. These surfaces, or boundaries, can affect ash 

content as dirt may contaminate the biomass. 

Woody biomass piles can have different geometries, volumes, and surface areas, affecting 

the way properties, such as moisture content, change over time. Typical geometries include 

triangular prisms, pyramids, cones, trapezoidal prisms, hemispheres, and cylinders. The geometry 

chosen can change the rate at which moisture evaporates from the pile. Temperature, relative 

humidity, precipitation, and protection over the tops of the piles such as plastic or wool tarps can 

also lead to changes in moisture content. Moisture content can be calculated on either a dry or wet 

basis. A dry basis is the mass fraction of water in a solid after the solid has been dried, i.e., the 

weight of water divided by the weight of dried solid. A wet basis is the fraction of water in a solid 
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including the moisture, i.e., the weight of water in the solid divided by the total mass. The moisture 

content of a pile can encourage microbial activity leading to a loss of dry matter. Dry matter loss 

(DML) leaves the pile as greenhouse gas emissions.  

The portions of the pile can be classified as the outer shell and core of the pile for conical 

or hemispherical piles, or the middle of the pile versus the tail for prismatic piles. The outer shell 

is generally considered the top 50 – 75 cm (Eisenbies et al., 2016) of surface while the tail includes 

the portion in which the prism starts to taper down at the ends; the core or middle of the pile is 

everything else. 

Once the piles are formed, the biomass stays in storage until needed. The biomass must 

then be extracted from the pile for use. Extraction can be done in different ways. FIFO (first in, 

first out) assumes that the feedstock is used in the order that it arrived at the pile. Using a hopper, 

for example, would allow feedstock to be piled and drop down a hopper so that the bottom of the 

pile, i.e. the oldest feedstock, is used first. LIFO (last in, first out) uses the newest feedstock first. 

Adding new feedstock to the top of the pile, taking the feedstock off the top of the pile for 

processing, and moving downwards ensures that the feedstock that most recently arrived is used 

first. The feedstock can also be mixed to create a homogeneous pile, in which it is assumed that 

the pile is uniform in every way. There are pros and cons to each extraction technique that are 

dependent on weather, pile geometry, whether a covering is used, how quickly feedstock is 

removed from the pile, and the drying rate, as older feedstock can start to degrade with high 

moisture content, weathering, and microbial activity. 

The application for piling considered in this chapter is biofuel production. The model seeks 

to understand the relationship between the moisture content of the feedstock entering the process, 
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the dry matter loss in the pile, and the “unpiling” method (the extraction of feedstock from the pile 

to feed the biofuel process). The longer the feedstock is exposed to the elements, the more it 

decomposes and loses vital properties such as carbon loss due to microbial activity. However, the 

biomass also dries, which is desirable for many biofuel conversion processes.  

The most widely used processes for turning biomass into biofuel are pyrolysis, gasification, 

and hydrothermal liquefaction (HTL) (Biofuel Basics, n.d.). Pyrolysis is a process where biomass 

is heated without oxygen, causing a breakdown in chemical bonds and the formation of char, gas, 

and biocrude. Gasification is a technique that breaks down the feedstock at even higher 

temperatures, creating a synthetic biogas, known as syngas, which can be burned. HTL is a 

relatively new process, that slowly heats up the feedstock to temperatures lower than pyrolysis and 

gasification and at higher pressure in the presence of a solvent. Unlike pyrolysis and gasification, 

HTL does not require the feedstock to be dried, and uses the moisture in the feedstock in the 

process (Dimitriadis & Bezergianni, 2017). Higher moisture content can reduce biofuel yields; 

PNNL stated that for fast pyrolysis, feedstock must be dried to 8-10% to keep biocrude moisture 

below 30% (Tews et al., 2014). A higher moisture content means a lower heating value and, if too 

high, could cause separation. Furthermore, the study accounted for a belt dryer for fast pyrolysis 

that incurred financial and physical resources. Depending on the moisture content of feedstock 

entering the process, different processes may be preferred. 

This chapter models the moisture content changes and dry matter loss in woody biomass 

stored in a pile prior to processing the feedstock into biofuel as a function of how the biomass is 

extracted from the pile. 
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3.2 Literature Review 

Agblevor et al. (1995) tested the effects of storage on biomass; woody biomass was set in 

a pile and herbaceous feedstock in a bale, which were left unprotected for six months. After six 

months, the feedstock was chipped, dried, and then pyrolyzed into biocrude. The authors found 

that the outer shell of the pile was discolored due to exposure to the elements while the inner core 

experienced little to no weathering or microbial activity. The biocrude product generally had lower 

HHV and did not meet the quality required for their application. Agblevor et al. hypothesized that 

this was due to microbial activity and weathering causing dry matter loss and increased ash. 

Eisenbies et al. (2016) monitored six uncovered piles of willow chips over a period of 

nearly six months. The main outcome of the research was to study how pile geometry affects the 

moisture, ash content, and the weathering of the pile. The researchers noted that multiple volume 

estimates were used and varied greatly between each estimate. It was also found that the 

directionality of the pile was not important as there was no significant difference between the sides 

of the pile due to wind, rain, sun exposure, or other natural phenomena. The study also found that 

increased handling and the resting surface such as dirt could cause an increase in ash content and 

that the cores of the piles were drier than the shell.  

Kougioumtzis et al. (2021) studied two conical piles of olive tree prunings – one covered 

with breathable wool and one uncovered – over a period of five months. The piles were placed on 

a cement slab to allow precipitation to wash away unwanted contaminants. Kougioumtzis et al. 

found that the covered pile was drier and dried at a constant rate, while the uncovered pile appeared 

more decomposed and moisture content varied with weather conditions. The covered pile also lost 
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dry matter at a constant rate and the uncovered pile experienced dry matter loss at a varied and 

higher rate. 

Anerud and Eriksson (2021) studied storage techniques to increase fire safety as well as 

observe changes in properties. Woodchips and bark were placed next to a concrete wall with both 

covered and uncovered piles. Reference piles were also constructed and used as a control. 

Temperatures of the piles covered or constructed against the wall were lower than the reference 

piles. Woodchips tended to have higher temperatures than bark. They found that higher 

temperatures correlated positively with higher levels of ash. The research also revealed that ash 

was higher in the uncovered piles and ash generally accrued in the first month. Furthermore, 

storing the woodchips against the concrete wall aided in reducing moisture content over time, with 

bark having a higher moisture content than woodchips. As other studies have shown, Anerud and 

Eriksson showed that uncovered piles had higher variation and overall moisture content while 

covered piles had lower, more stable, levels of moisture. 

Jylhä et al. (2022) and Ahmadinia et al. (2022) both published papers based on the same 

experiment. The experiment consisted of two uncovered piles, two piles covered in plastic tarps, 

and two piles with wind driven ventilation pipes. The feedstock was a mixture of Norway spruce 

(Picea abies Karst.) and Scots pine (Pinus sylvestris L.) stem woodchips and the piles were 

constructed on a paved tarmac surface. Jylhä et al. found that ventilation encouraged microbial 

activity and decomposition, but the moisture content and dry matter loss were not meaningfully 

differentiated from uncovered feedstock. The study also found that a plastic tarp minimized dry 

matter loss and led to drier piles than the ventilated and uncovered piles. Moisture content was 

most affected by pile and chip size. Ahmadinia et al. (2022) modeled the drying process of the 



56 

 

uncovered piles using diffusion mechanics. The model overpredicted the drying rate at the tails of 

the prism shaped piles. It was found that the most significant parameters for estimating drying rate 

were pile size, porosity, and pile temperature.  

Sahoo et al. (2018) compiled a list of all known woody biomass piling studies and 

compared pile geometry, location, covering styles, feedstock type, dry matter loss, and initial and 

final moisture loss over time. Using the compiled dataset, the cost of storage and greenhouse gas 

emissions were estimated. The researchers found that indoor or siloed woodchips were usually 

more expensive than tarped or uncovered chips, however this varied depending on how long the 

biomass was stored. 

The research done on woody biomass storage is very limited and only applicable to a 

narrow set of conditions. Much of the published research starts with chipped wood of a specific 

type that is left in a pile that is periodically measured. The variables considered in the existing 

studies include chip size, wood type, location, weather patterns during the experiment, time of 

harvest, and the bulk density of the wood. These studies typically only measure the DML every 

month or two and thus limited data is available. The correlation used by Sahoo et al. (2018) 

depends on time alone, however it is known that many factors affect dry matter loss. Larger chip 

size can allow for greater air flow and lower pile temperatures; Anerud et al. (2020) found that 

coarser chips dried more and lost less dry matter. They also increased transportation costs but 

decreased chipping costs. Hakkila (1989) stated that fungi ideally grew at 20 – 30°C and 25 – 60% 

humidity showing that weather and pile conditions must be considered. Anerud et al. (2020) found 

that pile temperature varied with chip size and wood type. Importantly, dry matter loss is the loss 

of carbon, which is the desired component of biofuel, thus decreasing the quality of the feedstock. 
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Without taking these variables into account, accurate dry matter loss calculations are difficult. 

Being able to calculate DML is imperative to calculating carbon emissions and controlling the 

quality of the final product, e.g., biocrude. Recent research on woody biomass piles focuses on 

greenhouse gas emission from piles. Geronimo et al. (2022) studied how temperature, oxygen 

concentration, and moisture content changed the composition of emissions from piles. Gejdoš and 

Lieskovský (2021) categorized microbial activity; this activity leads to dry matter loss that causes 

emissions. While this work connects property changes and DML to greenhouse gases, determining 

the emissions from piles is outside the scope of this paper. Piling research also focuses on how the 

moisture changes with different protective coverings over time, typically around six months. 

Ahmadinia et al. (2022) was one of the first to attempt to model the moisture content of a pile. 

The existing work described in this section focuses on static piles where the woody biomass 

is placed in a pile and left for several months to be monitored. However, in reality, biofuel 

production facilities have dynamic piles that grow and dwindle with feedstock availability and 

processing capacity. No research has been done on dynamic piles. The dynamic piles associated 

with biofuel facilities will constantly change size and composition as feedstock is pulled from the 

pile to feed a process and fresh feedstock is brought to the pile for storage. What is defined as the 

shell and the core will change each day. Eisenbies et al. (2016) found that it took weeks for the 

core and shell to differentiate, which may be longer than many dynamic piles exist. All current 

research assumes undisturbed, static piles are left for extended periods of time. For the purposes 

of this paper, the assumption is that the pile is used as it is delivered and is not considered long-

term storage. 

3.3 Model Development 
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A model was developed to determine how the properties of the feedstock changed over 

time using three different unpiling methods. By also varying the weather, the drying rate is varied, 

which changes how quickly moisture escapes the pile. The more moisture in the pile, the more 

microbial activity and the more degradation in the feedstock including dry matter loss. The model 

will be used to compare three different unpiling methods – FIFO, LIFO, and homogeneous – under 

different scenarios for a dynamic pile. 

The following assumptions were made: 

- Moisture content only decreases and never increases. 

- No property changes occur at the boundary. The boundary at the bottom of the pile is 

impenetrable. 

- Changes to the shell are ignored. 

- Each timestep of feedstock deliveries to the pile are homogeneous. However, properties 

may vary from timestep to timestep. 

- There is no mixing between portions of feedstock in the FIFO and LIFO cases. 

- There is no differentiation between the core and the shell. 

Eisenbies et 

al. (2016) states that 

typical woodchip 

piles are 85% core 

and 15% shell. 

Ahmadinia et al. 

(2022) states that the 

 
Figure 3.1: Each timestep’s delivery is considered separately for modeling purposes. 
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equations used to predict moisture content are acceptably accurate for the core but overestimate 

the tails. In this paper it is assumed that the feedstock is stored for short enough periods of time 

that the pile’s core and shell are essentially the same, i.e., on the scale of weeks (Eisenbies et al., 

2016). An NREL report published in 2013 assumed that woodchips would be kept in storage for 

biofuel processing for no longer than fourteen days (Knorr et al., 2013). In this case, the new 

material arrives at the pile continuously and is extracted from the pile by the process continuously, 

i.e., it is a dynamic pile not a static pile. All the previous studies focus on static piles – piles that 

are created and left for an extended period of time, whereas in this case, the piles are continuously 

transitioning. 

 The model starts with an assumed feedstock delivery schedule per timestep; each 

timestep’s delivery is tracked as a separate portion of the pile, which can be seen in Figure 3.1. 

The model then checks how much feedstock is available in a particular pile portion. It calculates 

how much woody biomass is needed to reach the maximum amount of feedstock that the process 

can take. If enough feedstock is available in the portion of the pile, the process will take the 

maximum allowable feedstock, otherwise it will take all of the feedstock available in that portion. 

The model then checks the amount of feedstock that is available in the next portion: for FIFO, this 

step is the next timestep’s delivery while for LIFO, this step is the previous timestep’s delivery. 

Thus, for FIFO, the model will take the oldest feedstock first; for LIFO, the model will take the 

newest feedstock first. Homogeneous unpiling evaluates the entire pile each timestep rather than 

each portion of the pile separated based on when the feedstock arrived. The model repeats the 

extraction until it has collected the maximum amount of feedstock the process can take or there is 

no more feedstock left in the pile to collect. Once the maximum process intake is reached or there 
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is no more feedstock available in the pile, the analysis moves to the next timestep and repeats the 

process.  

Once the model calculates how much feedstock from a portion is used, the model calculates 

the dry matter loss (DML) of each portion, which is a function of time; the longer each portion has 

been in the pile, the more dry matter loss occurs. The dry matter loss relation is based on research 

done by Sahoo et al. (2018). This relation assumes a static pile and calculates cumulative dry 

matter loss over time using: 

𝐷𝑀𝐿𝐶(𝑡) = 1.58𝑀𝐷𝑀𝐿(1 − 𝑒
−𝑡/𝜏) Eq. (3.1) 

where MDML is the maximum dry matter loss, t is the time that the feedstock has been in 

the pile, and τ is the time constant. Equation (3.1) is used for a static pile and assumes that dry 

matter will be lost over time with no other changes occurring to the pile. Furthermore, the dry 

matter loss is not constant. While knowing how much is lost from the pile’s initiation is useful for 

a static pile, it is not meaningful for a dynamic pile. This is because woody biomass is being 

continuously added and removed from the pile, making t different for the different portions of the 

pile. The other noteworthy issue with the equation is that it is cumulative; therefore, dry matter 

loss cannot be determined on a timestep-to-timestep basis. A modified version of the equation 

must be created to determine DML for a portion of the pile on a timestep basis. Using Equation 

(3.1), the fraction of dry matter loss at a specific time can be determined using: 

𝐷𝑀𝐿𝑓(𝑡) = 1−
1 − 𝐷𝑀𝐿𝐶(𝑡)

1 − 𝐷𝑀𝐿𝐶(𝑡 − 1)
 Eq. (3.2) 
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This equation calculates the dry matter loss at a specific timestep, rather than from pile 

initiation to an end point, i.e., cumulatively over time. It can be used to create a table to determine 

the fractional amount of matter lost at any point in time. The appropriate number, based on time 

in the pile, can then be multiplied by the amount left in each portion until that portion is used up 

by the process.  

For example, if a pile starts with 100 tons, it will lose 0.1370 tons on the first day. By the 

second day, it will have lost a total of 0.2737 tons. How much was lost on just the second day? 

Using Equation (3.2), a table can be created to determine how much dry matter is lost each 

timestep, which can be seen in Table 3.1. Regardless of the starting pile size, the 𝐷𝑀𝐿𝑓 will be the 

same. 100 tons was arbitrarily chosen for the table. 

Time (t) 

[day] 
𝑫𝑴𝑳𝑪(𝒕) 𝑫𝑴𝑳(𝒕) [tons] Pile Size [tons] 𝑫𝑴𝑳𝒇(𝒕) 

0 0.000000 0.0000 100.0000 0.000000 

1 0.001370 0.1370 99.8630 0.001370 

2 0.002737 0.2737 99.7263 0.001368 

3 0.004100 0.4100 99.5900 0.001367 

4 0.005459 0.5459 99.4541 0.001365 

Table 3.1: Values of DMLf(t) for t = 0 - 4. MDML = 0.317 and τ = 365 days. 

Once the fractional loss of dry matter is determined on a timestep-to-timestep basis, each 

portion of the pile can calculate DML. A FIFO example is seen in Table 3.2. Assuming a maximum 

process intake rate of 35 tons per day, day 0 starts with a delivery of 100 tons and ends with 65 

tons in the pile. On day 1, 100 tons are added and 35 are removed. There are now 130 tons left in 

the pile. 30 tons of the pile have aged a day, and 0.04111 tons are lost from that portion. That 

portion now has 29.9589 tons, and the second portion has 100 tons. The day ends with 129.9589 
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tons in the pile. The next day, 20 tons are added, and 35 tons are removed; 29.9589 tons are 

removed from the first portion and 5.0411 tons are removed from the second portion, leaving the 

first portion empty, 94.9589 tons in the second portion, and the newly added 20 tons in the third 

portion. The trend continues as each portion of the pile is tracked separately. This assumes that all 

the dry matter loss occurs at the end of the day. 

Time 

[day] 

Feedstock 

In 

[tons/day] 

Feedstock 

Out 

[tons/day] 

DML Calculation [tons] 
DML 

[tons] 

End of 

Day Pile 

Size 

[tons] 

0 100 35 0 𝐷𝑀𝐿𝑓(0) = 0 0 65 

1 100 35 30 𝐷𝑀𝐿𝑓(1) = 0.04111 0.04111 129.9589 

2 20 35 𝐷𝑀𝐿𝑓(2)  =  0, the pile from 2 

days ago is now empty 

94.9589 𝐷𝑀𝐿𝑓(1) = 0.1301  

0.1301 114.8288 

3 5 35 𝐷𝑀𝐿𝑓(3) = 0, the pile from 3 

days ago is now empty 

59.8288 𝐷𝑀𝐿𝑓(2) = 0.08187 

20 𝐷𝑀𝐿𝑓(1)  =  0.02741 

0.1093 84.7195 

4 80 35 𝐷𝑀𝐿𝑓(4) = 0, the pile from 4 

days ago is now empty 

24.7469 𝐷𝑀𝐿𝑓(3) = 0.03382 

19.9726 𝐷𝑀𝐿𝑓(2) = 0.02733 

5 𝐷𝑀𝐿𝑓(1) = 0.006852 

0.06800 129.6515 

Table 3.2: An example using FIFO to find DML(t) each timestep. 

The model next calculates the initial moisture content on a dry basis; the incoming 

feedstock moisture is given on a wet basis and must be converted to a dry basis. The drying rate 𝑘 
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is calculated based on internal pile temperature and ambient relative humidity. The gravimetric 

moisture, 𝑤̂, can be solved for using the following relations from Ahmadinia et al. (2022): 

where the values of b are determined experimentally and depends on the type of feedstock used. 

Once the maximum process intake is reached or the pile is empty, the model calculates the 

total dry matter loss in the timestep which is evaluated by summing all the DML for each portion. 

To find the moisture content on a wet basis, the cumulative weight of water for the timestep can 

be divided by the amount of feedstock entered into the process during that timestep.   

A flowchart of the entire model is shown in Figure 3.2, and the MATLAB code can be 

found in Appendix C. The first step is to choose the unpiling method. If FIFO is chosen, the model 

evaluates how much feedstock is available in the first portion of the pile. If the portion available 

is greater than the maximum amount the process can take, then it uses the maximum amount. If 

the portion available is less than the maximum, it uses the available portion. The model next 

determines the dry matter loss using both the amount of feedstock in the portion of the pile and the 

amount of time this portion has been sitting in the pile, represented by i – j, where i is the current 

timestep, and j is the day the feedstock was delivered. The equation for DML is: 

𝐷𝑀𝐿(𝑡) = 𝑝𝑖𝑙𝑒 𝑝𝑜𝑟𝑡𝑖𝑜𝑛(𝑗) 𝐷𝑀𝐿𝑓(𝑖 − 𝑗) Eq. (3.5) 

where pile portion is the weight of the portion of the pile delivered on day j. 

Once the DML has been determined, the weight of water for this portion can be determined 

using: 

𝑤̂ = (𝑤𝑖𝑛𝑖 −𝑤𝑟)𝑒
−𝑘𝑡 +𝑤𝑟  Eq. (3.3) 

𝑘 = 𝑏0 + 𝑏1𝑇 + 𝑏2𝑅𝐻 + 𝑏3𝑇
2 + 𝑏4𝑅𝐻

2  + 𝑏5𝑇𝑅𝐻 + 𝑏6𝑇
2𝑅𝐻 

+ 𝑏7𝑇𝑅𝐻
2  + 𝑏8𝑇

2𝑅𝐻2 
Eq. (3.4) 
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𝑊𝑎𝑡𝑒𝑟 𝑤𝑒𝑖𝑔ℎ𝑡 = (𝑤𝑒𝑖𝑔ℎ𝑡 𝑐𝑜𝑙𝑙𝑒𝑐𝑡𝑒𝑑 𝑓𝑟𝑜𝑚 𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑖𝑙𝑒)
𝑤̂

𝑤̂ + 1
 Eq. (3.6) 

If the maximum process intake has not been reached, the model will draw from the next 

portion of the pile (the second day delivery). This will continue until the maximum process intake 

has been reached or all the portions of pile delivered up to the present day have been evaluated. 

Once this process has finished, the total moisture content (MC) of the pile can be calculated using, 

𝑀𝐶𝐹𝐼𝐹𝑂/𝐿𝐼𝐹𝑂 =
𝑡𝑜𝑡𝑎𝑙  𝑤𝑎𝑡𝑒𝑟 𝑤𝑒𝑖𝑔ℎ𝑡

𝑐𝑜𝑙𝑙𝑒𝑐𝑡𝑒𝑑 𝑓𝑒𝑒𝑑𝑠𝑡𝑜𝑐𝑘 𝑤𝑒𝑖𝑔ℎ𝑡
 Eq. (3.7) 

If LIFO is chosen, the only difference is the order the model evaluates the pile portions in; 

LIFO will evaluate the most recent pile first. 

If homogeneous is chosen, the model evaluates the amount of feedstock in the entire pile. 

If the pile is greater than the maximum amount the process can take, then it uses the maximum 

amount. Otherwise, it uses the whole pile. The model then calculates the dry matter loss; because 

it is assumed that dry matter loss is a function of time, portions of the model must be tracked. The 

model must calculate the DML of each portion and thus continues from the first delivery to the 

current day. Once all the feedstock is collected and the DML is accounted for, the fraction of water 

lost can be calculated using, 

𝑑𝑒𝑐𝑎𝑦 = 
𝑤̂

𝑤̂ + 1
 Eq. (3.8) 

Equation (3.8) converts Equation (3.3) from a dry basis to a wet basis. The final step is to 

calculate the moisture content of the feedstock going into the biofuel conversion process; because 

the pile is homogeneous, the moisture content of the pile and the feedstock pulled from it will be 

the same. Thus, the newly delivered feedstock moisture content and the pile prior to delivery, i.e., 



65 

 

the weight of the pile from the previous day, must be added and divided by the total pile size 

weight. 

𝑀𝐶𝐻𝐺 = 
(𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑓𝑒𝑒𝑑𝑠𝑡𝑜𝑐𝑘 𝑤𝑒𝑖𝑔ℎ𝑡)𝑀𝐶𝐴𝑅 + 𝑃𝑆𝑖−1 𝑑𝑒𝑐𝑎𝑦

𝑃𝑆𝑖
 Eq. (3.9) 

 

 

 
Figure 3.2: The modeling process. 
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3.4 Case Study Results 

Five case studies were performed to 

determine how LIFO, FIFO, and homogeneous 

unpiling affects moisture content and dry matter loss 

at various feedstock arrival rates, process intake 

rates, and weathering conditions. The following 

assumptions were made: 

- Each timestep is one day. 

- Feedstock is a mixture of comminuted 

Norway spruce (Picea abies Karst.) and Scots 

pine (Pinus sylvestris L.) stem wood, as 

described in Ahmadinia et al. (2022). This determines the parameterization of Equation 

(3.4), which can be found in Table 3.3. 

- Residual water content (wr) is set to 0.1. 

- The moisture content of feedstock arriving at the pile storage was randomized assuming a 

0.3586 average and standard deviation of 0.0339 (Prinz et al., 2022). 

- The pile is uncovered, thus the MDML value of 0.317 (Sahoo et al., 2018). 

- τ is 365 days (Sahoo et al., 2018) 

- Weather is constant for each case; thus, the drying rate is constant day-to-day. 

The case studies are summarized in Table 3.4. Cases 1–3 were completed at moderate pile 

temperature and ambient relative humidity (i.e., k =0.0723 h−1). All cases were tested using the 

three unpiling methods – LIFO, FIFO, and homogeneous mixture. 

Parameter Value Units 

b0 -0.041 hr-1 

b1 0 °𝐶/ℎ𝑟 

b2 0 hr-1 

b3 8.8 x 10−5 °𝐶2/ℎ𝑟 

b4 1.7 x 10−5 hr-1 

b5 0 °𝐶/ℎ𝑟 

b6 0 °𝐶2/ℎ𝑟 

b7 7.0 x 10−7 °𝐶/ℎ𝑟 

b8 0 °𝐶2/ℎ𝑟 

Table 3.3: Parameter values for Equation (3.4), 

Ahmadinia et al. (2022) 
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Case Description 

Feedstock 

Arrival Rate 

[tons/day] 

Process Intake 

Rate 

[tons/day] 

1 No piling (k = 0.0723 h-1) 2000 2000 

2 Feedstock arrival rate greater than process intake 

rate (k = 0.0723 h-1) 

5000 2000 

3 Variable feedstock with respect to process intake 

rate (k = 0.0723 h-1) 

Variable ≤ 2000 

4 High temperature and relative humidity 

(k = 0.0908 h-1) 
Variable ≤ 2000 

5 Low temperature and relative humidity 

(k = 0.0346 h-1) 
Variable ≤ 2000 

Table 3.4: Summary of Cases Considered 

3.4.1 Case 1 – No Piling 

Case 1 assumes that there is no piling; the feedstock that arrives immediately enters the 

process. In this case, the moisture content is as-received and there is no dry matter loss. The 

feedstock is not present in the pile long enough to experience any changes in its properties. 

3.4.2 Case 2 – Feedstock Arrival Rate > Process Intake Rate 

Case 2 assumes that there is a steady buildup of feedstock in the pile. For FIFO, this means 

the feedstock in the pile remains in the pile for increasingly longer periods of time. Moisture 

content of the feedstock entering the process will slowly decrease to a minimum amount as the 

feedstock becomes older. Dry matter loss increases as the pile grows over time. LIFO means that 

feedstock will be used immediately upon arrival, thus the moisture content will follow the as-

received moisture fraction; dry matter loss increases as the pile grows, however at a slower rate 

than FIFO. Figure 3.3 shows the moisture content for all three unpiling methods and Figure 3.4 

shows the corresponding dry matter loss from the pile. 
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Figure 3.3: Case 2 (feedstock arrival rate > process intake rate) moisture content of feedstock. 

 
Figure 3.4: Case 2 (feedstock arrival rate > process intake rate) daily, non-cumulative dry matter loss. 

The maximum difference in moisture content between FIFO and LIFO is 0.376. For 

homogeneous and LIFO, the maximum difference in moisture content is 0.374. LIFO followed the 

as-received moisture content. FIFO and homogeneous unpiling methods both dropped to a 

minimum moisture content with FIFO reducing to 0.091 and homogeneous dropping to 0.092. 



69 

 

FIFO dried quickly, reaching its minimum moisture content by day 12. Homogeneous moisture 

content continued to drop and fluctuate the whole year. FIFO typically lost the most dry matter, 

while LIFO typically lost the least. The difference between FIFO and LIFO dry matter loss at the 

end of one year is 99.72 tons. The pile lost a maximum of 0.13% per day and on average across 

all three unpiling types lost 0.12% per day. FIFO has much older feedstock on average than LIFO, 

leading to higher dry matter loss. Homogeneous is a mix and thus has feedstock that has aged more 

than LIFO but less than FIFO. 

3.4.3 Case 3, 4, and 5 – Variable Feedstock Arrival Rate 

Cases 3-5 used variable feedstock arrival rates that changed 

monthly, as shown in Table 3.5. Case 3 used a moderate drying rate 

(k = 0.0723 h-1) with internal pile temperature of 40°C and ambient 

relative humidity of 50%, while Case 4 used a high drying rate (k = 

0.0908 h-1) with internal pile temperature of 50°C and ambient 

relative humidity of 70% and Case 5 used a low drying rate (k = 

0.0346 h-1) with internal pile temperature of 30°C and ambient 

relative humidity of 30%. These drying rates correspond with 

laboratory experiments conducted by Ahmadinia et al. (2022). While 

the model closely matches experimental data, it does not account for 

real world conditions where precipitation or changing humidity could 

dampen the pile; this model assumed that moisture content could only 

decrease. The model also does not account for where in the pile the 

Month 

Feedstock 

Arrival 

Rate 

[tons/day] 

1 5 

2 7 

3 15 

4 118 

5 12 

6 9 

7 17 

8 11 

9 40 

10 30 

11 1 

12 60 

Table 3.5: Variable feedstock 

arrival rate for Cases 3-5 
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process is pulling from – Ahmadinia et al. (2022) showed that moisture content on the tails of the 

pile versus the center varied up to 11%. 

The moisture content for the three cases, shown in Figure 3.5, indicates that the lower the 

drying rate, and thus the lower the pile temperature and ambient relative humidity, the higher the 

moisture content. Low moisture content is required for processes such as gasification and 

pyrolysis, thus locations with higher temperatures and humidity are desirable. While the drying 

rates for each case remained constant, in actuality the drying rate will change on a continual basis 

as outside temperature (and thus temperature in the pile) and relative humidity change. The case 

study found that Case 5, which used the lowest drying rate, had a higher moisture content than 

Case 3 and Case 4. The higher moisture content was most pronounced for homogeneous unpiling, 

evident for FIFO, and almost imperceptible for LIFO. The maximum difference in moisture 

content between FIFO and LIFO for all cases is 0.350. For homogeneous and LIFO, it is 0.317 – 

0.325, with the higher difference being with the lower drying rate. 

 
Figure 3.5: Case 3 – 5 moisture content of feedstock entering the process. 
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The dry matter loss for all three cases, shown in Figure 3.6, is the same when the correlation 

by Sahoo et al. (2018) is used. This is because the correlation in Sahoo et al. was developed by 

taking all known uncovered pile studies that tracked DML and fitting a curve to it using only time. 

LIFO and FIFO lost the least amount of dry matter each timestep, while homogeneous unpiling 

typically lost the most. The maximum difference between the unpiling methods is 3.68 tons. FIFO 

and LIFO lost a maximum of 0.13% each day and lost on average 0.04% each day. Homogeneous 

lost a maximum of 0.34% each day and lost on average 0.05% each day. 

3.5 Discussion and Conclusions 

A model was developed to determine moisture content and dry matter loss of a dynamic 

pile over time. Five cases were considered to test the properties of feedstock entering a biofuel 

conversion process when there is no pile, a continuously growing pile, and piles growing and 

shrinking with various feedstock arrival rates at different drying rates. Each case compared three 

different pile extraction techniques. The first, FIFO, assumes that feedstock is input into the 

 
Figure 3.6: Daily, non-cumulative dry matter loss for Cases 3-5. 
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process from the pile in the order it arrives – i.e. first in, first out. LIFO, last in, first out, assumes 

the most recent feedstock to arrive is extracted from the pile first. Homogeneous assumes that all 

feedstock to arrive to the pile is mixed together. 

It was found that LIFO typically had the highest moisture content as the feedstock did not 

have time to dry; the moisture content of the feedstock being processed matched the moisture 

content of the feedstock received, approximately 0.360 for the case study. However, when 

available feedstock began to dwindle, older feedstock would be used that had time to dry. FIFO 

had the lowest moisture content. When feedstock arrival outpaced the maximum process intake 

rate, the pile would grow, and feedstock would stay in the pile for longer. The pile then, on average, 

became older and drier feedstock as opposed to newer, wetter feedstock. Shortages in feedstock 

arrival, however, could lead to wetter feedstock. The difference between using FIFO instead of 

LIFO could be up to 35% difference in moisture content for realistic cases. The difference between 

homogeneous and LIFO was around 32% for realistic cases. In the case study, the moisture content 

would reach a minimum, approximately 0.090 for FIFO and 0.092 for homogeneous.  

Dry matter loss changed with pile size; as the pile grew, so did dry matter loss. It was found 

that when the feedstock arrival rate exceeded the process intake rate, FIFO had the greatest dry 

matter loss while LIFO had the least. On average, the pile lost 0.12% of feedstock each day. 

However, this situation is not realistic as a processing facility is expected to have a pile that grows 

and diminishes over time. Cases with variable feedstock deliveries found that FIFO and LIFO had 

the least amount of dry matter loss while homogeneous had the most. The pile only lost an average 

of around 0.04 – 0.05% each day, depending on the unpiling method. Periods where there is no 

pile or a diminished pile would lead to negligible dry matter loss. Nevertheless, variable feedstock 
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delivery cases had a smaller difference in dry matter loss, while the case with a higher feedstock 

arrival rate than a process intake rate had increasingly larger differences in dry matter loss between 

FIFO and LIFO over time. 

The model developed demonstrates the importance of unpiling. When comparing the 

extraction techniques, dry matter loss is only a matter of time and is comparable for all scenarios. 

Therefore, moisture content is the property that would determine whether to use FIFO, LIFO, or 

homogeneous extraction. FIFO and homogeneous unpiling reduce the moisture content the most, 

which is desirable for processes that require dry feedstocks, such as pyrolysis and gasification. 

Homogeneous unpiling requires equipment to mix the pile. The mixing allows heat to be released 

from the pile and helps prevent spontaneous combustion. FIFO would require either a hopper, 

multiple piles as feedstock arrived, or some other system to draw the oldest feedstock first. Both 

these extraction methods may be costly, yet the decreased moisture content may justify the cost. 

LIFO is less expensive as it requires less equipment. Thus, it may be more beneficial for processes 

where moisture content is less important, such as hydrothermal liquefaction. However, if LIFO is 

used in a process where low moisture feedstock is needed, extra steps to dry the feedstock are 

necessary, adding an additional cost. Further investigation into cost benefits is required based on 

location, weather patterns, wood type, woodchip size, covering type, and plant size.  
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Chapter 4: Techno-economic Analysis of HTL Waste-to-

Energy Biofuel Conversion with Facility Sizing and 

Location Considerations 

The chapter analyzes the effect of sizing and location on minimum fuel selling price 

(MFSP). It is found that smaller facility sizes are best suited for Iowa, while larger facility sizes 

are fitted for Maryland. Iowa and Oregon receive similar amounts of feedstock due to their waste 

profiles and thus both locations are ideal for 500 wet ton per day facilities where Iowa has a 150-

mile feedstock radius and Oregon has a 120-mile feedstock radius; the best size studied for 

Maryland is a 2000 wet ton per day facility sourcing feedstock from a 50-mile supply radius. The 

MFSP for Oregon, Iowa, and Maryland are $84.32, $84.64, and $83.79 per barrel respectively 

based on geographic costs. 

4.1 Introduction 

In 1956, M. King Hubbert predicted that global oil production would peak between 1965 

and 1970 before entering a rapid decline (Hubbert, 1956). Over the past century, various global 

events have reinforced the urgency of transitioning away from non-renewable fossil fuels. The 

1973 oil crisis prompted the U.S. government to invest in alternative energy research. More 

recently, energy security concerns have resurfaced. Germany reactivated coal plants in 2022 amid 

fears that Russia would cut off gas supplies. These fears were realized on January 1, 2025, when 

Russia ceased gas exports to Europe via Ukraine. Ensuring energy independence and security is 
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critical to preventing foreign powers from leveraging energy supplies during times of geopolitical 

instability. 

Beyond energy security, fossil fuels pose significant environmental and health risks. In 

November 2021, Tuvalu’s Minister for Justice, Communication & Foreign Affairs, Simon Kofe, 

stood in ocean waters where land had once been, highlighting the existential threat of rising sea 

levels due to climate change (Packham, 2021). The summer of 2019–2020 saw catastrophic 

wildfires across Australia, and in January 2025, Los Angeles was devastated by fire. According to 

the Environmental Protection Agency (EPA), wildfire seasons have grown longer and more severe 

due to prolonged periods of heat and drought, exacerbated by climate change (Environmental 

Protection Agency, 2025). 

As global populations grow, so do energy demands. According to the U.S. Energy 

Information Administration (EIA), industrial, electrical, and transportation energy consumption 

will continue to rise, with total energy demand in the U.S. expected to exceed 100 quadrillion 

BTUs by 2050 (Capuano, 2020). A larger population also generates more waste, presenting an 

opportunity for waste-to-energy solutions. Wood waste, in particular, is a promising resource, as 

existing technologies—including pyrolysis, gasification, and hydrothermal liquefaction—allow 

for its conversion into biofuels. 

Cost remains a key factor in energy transitions. The U.S. has developed numerous models 

to assess biofuel production costs at both national and facility levels for all parts of the biomass 

pathways. The EIA projects that Brent crude oil prices could reach $90 per barrel (in 2021 dollars) 

by 2050, with high-end estimates up to $170 per barrel (Martin, 2022). In 2024, the average cost 

of Brent crude oil was $80 (Barron, 2025). For biocrude to be a viable alternative, it must be 
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economically competitive with conventional crude oil. Detailed cost modeling helps determine 

optimal pathways by analyzing variables such as location, feedstock availability, feedstock 

properties, and facility size. 

4.1.1 Literature Review 

Over the past several decades, the need for sustainable energy solutions has driven the 

development of numerous models designed to analyze and optimize energy systems. These models 

vary widely in their scope, objectives, and methodologies, addressing challenges such as supply 

chain logistics, greenhouse gas (GHG) emissions, economic feasibility, and policy impacts. Some 

models focus on macroeconomic trends and long-term national energy strategies, while others 

target microeconomic factors, such as the cost and efficiency of specific biofuel production 

pathways. 

The U.S. government and various research institutions have played a pivotal role in 

advancing these tools, funding the creation of models like: COAL2, FOSSIL1, FOSSIL2 (Naill & 

Belanger, 1989), the Cost of Renewable Energy Spreadsheet Tool (CREST) (National Renewable 

Energy Laboratory, n.d.-a), the Biomass Logistics Model (BLM), and the National Energy 

Modeling System (NEMS) (U.S. Department of Energy, n.d.). NEMS and other models can be 

found on the NREL Models list: Bioenergy Models website (National Renewable Energy 

Laboratory, n.d.-b). These models have evolved to incorporate a range of features, from tracking 

changes in biomass properties throughout the supply chain to evaluating the economic and 

environmental impacts of renewable energy technologies. 
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While the U.S. government has worked on building cost modeling tools, independent 

research on biofuels has also been done. Increased interest in waste-to-energy (WTE) has led to 

studies on waste, such as forest residue or wastewater sludge, being converted to biocrude via 

pyrolysis or, more recently, hydrothermal liquefaction. Many factors contribute to the cost of 

biocrude such as whether the biocrude is upgraded (i.e., post processed), the cost of feedstock, and 

other costs such as transportation of feedstock and disposal of waste. Shahabuddin et al. (2023) 

found that feedstock delivery can increase the cost of biocrude by $1.00 – $1.45 per gallon of gas 

equivalent (GGE). Zhu et al. (2014) found that by adding an upgrading unit, the cost of biocrude 

can increase from $1.87/GGE to $2.52/GGE. Zhu et al. also found that increasing the size of the 

biocrude facility can decrease the price; a 10 dry ton/day intake has a minimum fuel selling price 

(MFSP) of $7.76/GGE while a 2000 dry ton/day intake has a MFSP of $1.87/GGE. Comparing 

the existing studies is challenging because each one measures MFSP differently, using various 

metrics such as mass, volume, or energy content. Ensuring that all aspects of a facility are 

accurately accounted for can significantly increase or decrease the price of biocrude. Table 4.1 

summarizes some existing HTL studies. The given values were converted into 2022$/barrel, 

assuming 7.21 lbs/gallon (Chevron, n.d.; Energy Education, n.d.; Quora, n.d.), HHV of 46.4 MJ/kg 

of gasoline (The Engineering ToolBox, 2003), and HHV of 35 MJ/kg of HTL biocrude (Zhu, 

2014). Reported costs of biocrude were assumed to be in the year research was published unless 

otherwise stated. 

Reference Cost of biocrude 
Cost of biocrude 

[2022$/barrel] 
Feedstock Notes 

Bautista-

Peñuelas et al., 

2023 

$1.27 – $1.55/kg 
$163.98 – 

$200.13/barrel 

Forest 

Residue 

Process intake of 1 

dry ton/day 
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Billing et al., 

2017 
$2.60/GGE $167.93/barrel Sludge 

Process intake of 

100 dry tons/day 

Billing et al., 

2017 
$3.20/GGE $206.68/barrel Sludge 

Process intake of 

100 dry tons/day 

with upgrading 

Billing et al., 

2017 
$2.00/GGE $129.18/barrel Sludge 

Process intake of 

100 dry tons/day, no 

disposal charge 

Billing et al., 

2017 
$2.70/GGE $174.39/barrel Sludge 

Process intake of 

100 dry tons/day, no 

disposal charge, 

with upgrading 

DeRose et al., 

2019 
$12.85/GGE $915.82/barrel Algae mix Biochemical HTL 

DeRose et al., 

2019 
$10.41/GGE $741.92/barrel Algae mix 

Thermal-chemical 

HTL 

DeRose et al., 

2019 
$8.70/GGE $620.05/barrel Algae mix 

Biochemical HTL 

with reduced ash 

DeRose et al., 

2019 
$7.13/GGE  $508.16/barrel Algae mix 

Thermal-chemical 

HTL with reduced 

ash 

Ong et al., 2018 
$1.05/L 

$0.95/LGE 
$193.65/barrel 

Pine wood 

and black 

liquor 

Process intake of 

2000 tons/day 

Ou et al., 2015 $679/m3 $129.54/barrel 
Defatted 

microalgae 

Process intake of 

2000 dry tonne/day 

Pedersen et al., 

2018 

$0.83 – 

$1.87/LGE 

$202.93 – 

$457.21/barrel 

Aspen 

wood/glycerol 

mix 

Process intake 1000 

tonne/day 

Pedersen et al., 

2018 

$0.56 – 

$1.16/LGE  

$136.92 – 

$283.61/barrel 
Aspen wood 

Process intake 500 

tonne/day 

Shahabuddin et 

al., 2023 
$3.82/GGE $199.94/barrel 

Wastewater 

sludge 

Process intake of 60 

dry tons/day 
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Snowden-Swan 

et al., 2017 

$2.53/gal 

$2.35/GGE 
$127.51/barrel 

Wastewater 

sludge 

Process intake of 

110 dry tons/day 

Zhu et al., 2014 
$1.87 – 

$7.76/GGE 

$144.73 – 

$600.59/barrel 

Woody 

biomass 

Variable process 

intake of 10 – 2000 

dry tons/day 

Table 4.1: Examples of HTL cost studies with reported feedstocks and biocrude costs. 

4.2 Scenario-based facility scale cost modeling 

Many of the existing modeling tools and research studies do not factor in all relevant 

aspects of biofuel conversion. For example, feedstock is available on a seasonal basis with an 

abundance during some seasons and a lack of available feedstock in others. Furthermore, the costs 

of resources, such as water, electricity, and transportation fuel, vary depending on location. The 

moisture content, which affects the biocrude quality and yield, also varies with location and season. 

Most of the researchers who performed cost analyses focus on evaluating accepted benchmarked 

facilities such as processing 2000 metric tons of dry feedstock per day; in fact, the BETO Database 

(Kinchin, 2020) as of 2020 listed 47 studies on biofuel facilities that used facility size as an input, 

41 of which assumed a 2000 metric tons of dry feedstock per day baseline. Due to the dynamic 

nature of seasonal feedstock availability, the amount of feedstock available in a given location, the 

average growth of available feedstock with relationship to population, the cost associated with 

locations, and the feedstock properties associated with different locations, simple benchmark-

based comparisons are not suitable for analyzing biofuel facilities and may lead to ambiguous or 

misleading conclusions and comparisons. One-size-fits-all benchmark solutions are not an 

effective measure of a successful biocrude conversion facility. A proper techno-economic analysis 

must evaluate location and feedstock availability to determine the best size and the most cost-

effective facility. This paper uses minimum fuel selling price (MFSP) as the parameter for 
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determining the best facility size for several facility locations and shows that the location, facility 

size, unpiling method, feedstock properties, transportation of feedstock, disposal of byproducts, 

and other considerations can vary the MFSP significantly. 

 
Figure 4.1: Overview of the model used to find minimum fuel selling price. 

The model used in this paper, shown in Figure 4.1, involves a dataset and three submodels: 

a piling submodel, which handles the property changes of the woody biomass while in storage, a 

hydrothermal liquefaction (HTL) submodel, which models the biomass-to-biocrude conversion, 

and a cost model, which calculates the materials, resources, operation, maintenance, capital, and 

administrative costs to determine a minimum fuel selling price (MFSP) for each barrel of biocrude 

produced. Each submodel is supported by a dataset that is described in Section 4.2.4. 

4.2.1 Piling Model 

Woody biomass arrives at a biofuel conversion facility where it is stored in a pile until it is 

used. While in storage, the feedstock experiences changes in its properties such as amount of dry 

matter and moisture content. The piling submodel incorporates woody biomass availability and 
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as-received moisture content to evaluate how storage and extraction impact the moisture content 

of feedstock entering the process. In real-world scenarios, biomass piles are dynamic, with 

moisture levels fluctuating due to environmental conditions and storage duration. This model 

accounts for those variations, as well as dry matter loss, while considering different extraction 

(unpiling) methods used to remove feedstock from storage before processing.  

The piling model, from Niska et al. (2024), simulates feedstock intake and depletion under 

different unpiling strategies. The piling model begins by assigning an incoming feedstock delivery 

schedule at each timestep, where each delivery is tracked as a separate portion of the pile. At every 

timestep, the model determines the amount of available feedstock in the oldest or newest portions 

of the pile, depending on the selected unpiling method. If sufficient material is available, the 

process extracts the maximum allowable intake; otherwise, it takes whatever remains in that 

portion of the pile before moving to the next portion of the pile. 

For FIFO unpiling, the model prioritizes older portions of the pile first, progressing 

sequentially through past deliveries. In contrast, LIFO extraction starts with the most recent 

delivery and works backwards. The homogeneous unpiling method differs by evaluating the pile 

as a whole at each timestep rather than segmenting it based on delivery order. The extraction cycle 

continues until the intake limit is reached or no additional feedstock is available. 

Beyond intake modeling, the system accounts for dry matter loss (DML), which is 

computed as a function of feedstock residence time—older portions of the pile experience greater 
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degradation. Additionally, the model calculates the moisture content of each pile portion so that 

the process intake moisture content can be used. 

4.2.2 HTL (Hydrothermal Liquefaction) Model 

 The next step in the model is the HTL process, which receives property data from the 

piling submodel. Hydrothermal liquefaction (HTL) is a biomass-to-biofuel conversion process that 

operates at lower temperatures relative to other processes such as pyrolysis and gasification. HTL 

processes biomass as a slurry, where water acts as a reaction medium, sometimes with solvents or 

catalysts to enhance biocrude yields. Because of this, HTL is particularly well-suited for wet 

feedstocks, unlike pyrolysis, which requires moisture content below 10% (Tews et al., 2014). The 

process produces biocrude, along with an aqueous phase, gas, and solid residues, with the biocrude 

being upgradable to transportation fuels similar to petroleum-based fuels. The ability to convert 

wet biomass without the need for energy-intensive drying makes HTL an attractive option for 

processing high-moisture waste streams, such as food waste, algae, or wet wood waste. 

The HTL biofuel conversion facility submodel begins with feedstock being ground to size 

and mixed into a slurry composed of recycled liquid byproducts and supplemental water. A solvent 

is then added at approximately 1% of the slurry before the mixture is processed in a continuous 

HTL reactor. The slurry is assumed to contain 15% solid dry biomass, with liquid recycling helping 

to capture organics that were not fully converted to biocrude. This submodel operates as a 

continuous reactor and is statistical in nature, focusing on woody feedstock sourced from 

municipal solid waste (MSW). The HTL model outputs are then fed into the cost submodel to 

determine the minimum fuel selling price (MFSP). 
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4.2.3 Cost Model 

The final step in the model is to calculate the MFSP. Minimum fuel selling price is the 

“break-even” point, or the point in which the cumulative cash flow at the end of the life of the 

facility is zero. The cumulative cash flow can be calculated using: 

𝐶𝐶𝐹 = 𝐶𝐴𝑃𝑋 +∑(𝑅 + 𝑆 + 𝑂&𝑀 + 𝑇)

𝑁

𝑡=1

 Eq. (4.1) 

CAPX is the initial capital costs, and the sum of the other costs are calculated on a year-to-

year basis. R is the amount of income generated from barrels of biocrude sold as well as gaseous 

byproducts sold. Interest made on reserves is also considered part of the revenue. S is the amount 

of cash reserved for equipment replacement and final decommissioning of the facility, which is 

calculated as a percentage of the yearly operation and maintenance costs (O&M). The O&M costs 

are the sum of all resources used throughout the year including feedstock, solvent, electricity, 

natural gas, water and sewer, byproduct disposal, and transportation. Many of these numbers come 

from the HTL submodel. O&M also includes administrative costs such as land lease, property tax, 

insurance, and personnel salary. The final cost considered is Taxes. The facility in the model is 

subject to both federal and state income taxes, with carried-forward taxes applied to offset taxable 

income in future years, following standard tax regulations. The MFSP of the biocrude is 

determined by finding the price per barrel at which the total revenues and costs balance, i.e., the 

break-even point for the facility. The cost per barrel is calculated by dividing the cost (CAPX, S, 

O&M, and T) by the total barrels produced over the life of the plant while accounting for inflation. 

Additional cost equations can be found in Appendix D. 
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The cost submodel used in this study is a modified version of the Anaerobic Digestion 

model of the Cost of Renewable Energy Spreadsheet Tool (CREST). Originally developed in 2009 

by NREL, the U.S. Department of Energy Solar Energy Technologies Office, and the National 

Association of Regulatory Utility Commissions, CREST was designed for power generation 

plants. CREST is a publicly available tool that estimates the levelized cost of energy (LCOE) and 

analyzes cost-based incentives, with a focus on single plant power generation modeling. Despite 

not being developed for conversion of raw material into oil, CREST was chosen for this study 

because it is a comprehensive financial tool that accounts for capital costs, taxes, grants and 

incentives, operation and maintenance, and other expenses, all of which evolve over time to 

determine a dollar-per-product value. CREST also incorporates detailed material and resource 

costs—such as water and digestate —as well as complex financial concepts, including loss carry-

forwards and required reserve accounts. However, CREST does not account for transportation 

logistics, feedstock availability, or regional cost variations, which are key considerations in biofuel 

production.  

To adapt CREST for biofuel facility cost modeling, several modifications were made to 

shift its focus from power generation to biofuel production. Inputs specific to power plants, such 

as waste heat as a sellable product, were removed, while biofuel-relevant factors, including the 

sale of gaseous byproducts and natural gas and electricity consumption, were incorporated. 

Additionally, CREST’s static structure was adjusted to allow for dynamic inputs, enabling the 

model to account for annual variations in material costs, resource use, and production output based 

on feedstock availability. A key enhancement was the inclusion of location-dependent variables, 

such as transportation costs, regional labor rates, and resource pricing, allowing for comparative 
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analysis across multiple facility sites. Finally, the financial calculation method was modified to 

determine the minimum fuel selling price (MFSP) rather than the levelized cost of energy (LCOE), 

ensuring the model accurately reflects the economics of biofuel production. The purpose of the 

study is to determine the “best” biofuel conversion facility capacity under variable conditions, with 

“best” being defined as the lowest minimum fuel selling price. 

4.2.4 Dataset 

All the submodels described in the previous sections used a constructed dataset as the basis 

of all calculations. The analysis in this paper was performed for three distinctly different locations: 

Oregon, Iowa, and Maryland.  To construct the dataset, typical municipal solid waste (MSW) 

generation rates per person per year were tabulated for the three locations, using the references 

listed in Table 4.2. 

Location Municipal Solid Waste (MSW) Population Projections 

Oregon 

USAFacts, 2022c; 

Neilsberg Research, 2024c; 

Shepperd et al., 2024 

 

Oregon Office of Economic Analysis, n.d.; 

Portland State University, personal 

communication, 2024 

Iowa 

Iowa Department of Natural 

Resources, 2022; 

USAFacts, 2022a; 

Iowa Department of Natural 

Resources, personal 

communication, 2024; 

Neilsberg Research, 2024a 

State Library of Iowa, personal 

communication, 2024 

Maryland 

Maryland Department of the 

Environment, n.d.-a-h, 2009-

2013, 2015, 2018; 

Maryland Department of Planning, 

Projections and State Data Center, 2022 



86 

 

USAFacts, 2022b; 

Neilsberg Research, 2024b 

Table 4.2: Location-specific data sources. 

Population projections for each location were collected from the references in Table 2 to 

estimate future MSW generation, and these estimates were extended to calculate monthly woody 

biomass availability through 2045 for the three locations. Monthly averages of woody biomass 

were adjusted using variations based on the seasonal patterns reported by Kang et al. (2020), who 

provided seasonal fluctuations in woody biomass content within MSW. Equation (4.2) summarizes 

the monthly woody waste amount into a single equation. 

𝑊𝑜𝑜𝑑 𝑊𝑎𝑠𝑡𝑒𝑚𝑜𝑛𝑡ℎ = (
𝑀𝑆𝑊𝑦𝑒𝑎𝑟
12

)𝑋 Eq. (4.2) 

This is the wood waste estimated for each month based on the amount of municipal solid 

waste estimated for the year, varied based on seasonal changes. X is a normally distributed random 

value of the normalized municipal solid waste. The sampled distributions are defined in Table 4.3 

for the different seasons. 

Feedstock availability and moisture content were also varied by location. Feedstock 

availability was determined using the radius from which the biomass was sourced. It was assumed 

that the biomass was uniform and evenly distributed across each state. For example, Oregon has 

an area of 98,386 square miles. If a radius of 100 miles is used, that covers an area of 31,416 miles, 

which is 31.9% of the state. Correspondingly, 31.9% of the available biomass was considered for 

this feedstock supply radius, with larger radii encompassing more feedstock until the entire state 

was accounted for. All feedstock within a given radius is accepted, whether needed or not, and 

there is assumed to be no competition for the feedstock in the area.  
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For example, in 2025, 4,421,715 people 

are predicted to reside in Oregon. Using a normal 

distribution based on the average municipal solid 

waste per person of 1.32 ± 0.14 tons of waste per 

person, 6,676,583 of MSW is expected to be 

generated. In January of 2025, we expect, per 

Kang et al. (2020), that about 10% ± 3% of this waste will be wood. Again, using a normal 

distribution, it is assumed that 98,160 tons of wood waste will be generated that month. If we are 

using a 100-mile collection radius, 31.9% of that wood will be collected during that month. January 

2025 has 31 days, so we expect that 1,011 tons of wood are delivered daily to the facility. 

The moisture content of the delivered feedstock was estimated using forest data for each 

location (Belart et al., 2019; Glass & Zelinka, 2021; U.S. Forest Service Research and 

Development, n.d.), with weighted averages and variability calculated based on the tree species 

present in each state, as shown in Equations (4.3), (4.4), and (4.5). This approach allowed for a 

geographically specific estimation of feedstock moisture content. 

𝑀𝐶𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑀𝐶 =∑𝑀𝐶𝑖 (
𝑃𝑖

𝑃𝑇𝑜𝑡𝑎𝑙
)

𝑖

 Eq. (4.3) 

𝜎𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑀𝐶
2 = ∑𝑀𝐶𝑖

2  ((
𝑆𝐸𝑖
𝑃𝑇𝑜𝑡𝑎𝑙

)
2

+ (
𝑃𝑖

𝑃𝑇𝑜𝑡𝑎𝑙
 𝑆𝐸𝑇𝑜𝑡𝑎𝑙)

2

)

𝑖

 Eq. (4.4) 

𝜎𝑇𝑜𝑡𝑎𝑙 𝑀𝐶 =  √
𝜎𝑆𝑒𝑎𝑠𝑜𝑛𝑎𝑙 𝑀𝐶
2 + 𝜎𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑀𝐶

2

2
 Eq. (4.5) 

where MC is moisture content, i is the species of tree, P is the population of trees, σ is the standard 

deviation, and SE is the standard error. The seasonal standard deviation is determined from Belart 

Season 
μSeasonal MSW 

[-] 

σSeasonal MSW 

[-] 

Winter 0.10 0.03 

Spring 0.03 0.03 

Summer 0.05 0.06 

Autumn 0.15 0.06 

Table 4.3: Seasonal mean and standard deviation of wood 

waste in MSW as informed by Kang et al., 2020. 
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et al. 2019, and the standard error is calculated from the sampling error provided in the dataset 

from the U.S. Forest Inventory and Analysis (U.S. Forest Service Research and Development., 

n.d.). The sampled distributions for moisture content are defined in Table 4.4 for the different 

seasons and locations studied. 

Finally, the model 

incorporated variations in ash 

content, biocrude yield, gas yield, 

and water and aqueous solution 

yield over time. These parameters 

were sourced from prior HTL 

studies listed in Appendix B. This data was not location-dependent but was varied based on 

literature to reflect realistic operational conditions. 

4.3 HTL Case Study 

4.3.1 Data Inputs 

While some inputs in the model remain fixed, such as the cost of materials, others vary 

based on either facility scale (e.g., feedstock capacity) or location. Scale-dependent inputs include 

capital costs and electricity or natural gas usage, while location-dependent inputs include the cost 

of water, sewer, and electricity. 

The HTL submodel was based on work done by Knorr et al. (2013), which provided a 

detailed cost analysis of five HTL Aspen Plus models. These models were developed by NREL, 

with costing completed by Harris Group. Among the five cases Knorr et al. analyzed, Case A was 

Season σSeasonal MC [-] Location σLocational MC [-] 

Winter 0.0104 Oregon 0.0155 

Spring 0.0093 Iowa 0.0286 

Summer 0.0113 Maryland 0.0467 

Autumn 0.0101   

Table 4.4: Geographic and seasonal standard deviations. Seasonal standard 

deviations informed by Belart et al. (2019). 
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chosen because it most closely resembles a base case, utilizing recycled biomass slurry to preheat 

the incoming mixture. While still testing a hypothesis, Case A aligns closely with established 

models and processes compared to the other cases, which focused on exploring new theories and 

technologies. Knorr et al. used 2011 dollars while this paper used USD 2022 and used data from 

2022 when available. Equipment costs and sizing were taken from Knorr et al. 

Capital costs were calculated by scaling equipment to maximum processes intake (facility 

size) using an appropriate scaling method: 

𝐶𝑜𝑠𝑡𝑛𝑒𝑤 = 𝐶𝑜𝑠𝑡𝑏𝑎𝑠𝑒 (
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑛𝑒𝑤
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑏𝑎𝑠𝑒

)

𝑠𝑐𝑎𝑙𝑖𝑛𝑔 𝑓𝑎𝑐𝑡𝑜𝑟

 Eq. (4.6) 

Electricity and natural gas usage were scaled linearly using published literature. Facility 

size is sized on a wet basis rather than a dry basis, which is most prevalent in the existing literature. 

This is to allow variation in moisture content and, realistically, input feedstock will be measured 

while wet. Some data points could not be converted to a wet basis; for example, the footprint was 

estimated using information from the Chuntoh Ghuna biofuel facility which reportedly uses twenty 

acres of land to process 100,000 dry tons of feedstock per year (Arbios Biotech, 2024). 

Location based costs include resources such as cost of electricity, cost of natural gas, water 

and sewer costs, and cost of landfill disposal. Water and sewer costs are based on water usage, 

water drainage, pipe sizing, footprint size (ERU), stormwater drainage costs and administrative 

costs. Pipe sizing was determined as shown in Table 4.5. Once the pipe size was determined, the 

associated meter charge could be applied. Bend, Oregon has a stormwater cost associated with 

footprint size, water transportation charges, and an extra cost associated with sewer waste that has 

high pollutant concentration. Boone, Iowa has a flat rate for industrial sewer expulsion with an 
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extra surcharge for contaminated waste. Baltimore, Maryland has an infrastructure charge along 

with a bay area restoration fee. Specific data used that is independent and dependent on location 

are provided in Appendix E. 

Decommissioning reserve funds were assumed 

to be covered by end-of-life salvaging and equipment 

replacement was based on general practices (Poocca 

Hydraulic, 2024; West River Conveyors, 2025). No 

grants, benefits, or tax credits were accounted for. 

Aqueous solution was mixed in with water and was 

assumed to be contaminants in the sewer, which requires 

an extra charge for Oregon and Iowa. The cost model 

assumes that the only sellable products are gas and 

biocrude, however the model is built so that aqueous solution, char, and ash can be sold as 

necessary. Unused feedstock was disposed of after 90 days. 

The model was calibrated and compared to other HTL models (Billing et al., 2017; DeRose 

et al., 2019; Knorr et al., 2013; Jones et al., 2014; Magdeldin et al., 2017; Ong et al., 2018; Ou et 

al., 2015; Pedersen et al., 2018; Tews et al., 2014; Zhu et al., 2014). 

4.3.2 Case Study Analysis  

The purpose of this study is to examine the effects of location, facility size, and feedstock 

availability on the price of biocrude. Moisture content and the costs of resources vary by location 

Nominal Pipe 

Size [in] 
Flow [GPM] 

0.75 < 1 

1 1.3 > flow ≥ 1 

2 7 > flow ≥ 1.3 

4 15 > flow ≥ 7 

6 45 > flow ≥ 15 

8 100 > flow ≥ 45 

12 ≥100 

Table 4.5: Schedule 40 steel pipe sizing for water 

flow (Eclipse, 2004). 
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and are also considered. The results are then compared to find the facility with the “best” or lowest 

MFSP for the three locations. 

4.3.2a Effect of Unpiling Method 

The feedstock begins by arriving at the biofuel facility. It is assumed the feedstock is stored 

in an uncovered pile. The feedstock remains in the pile until it is used. 

FIFO, first in first out, means the oldest feedstock is used first. In this case, the feedstock 

has the time to dry in the pile. LIFO, last in first out, always uses the newest, wettest, feedstock. 

Homogeneous (HG) means the pile is evenly mixed with new and old feedstock. 

Figure 4.2 shows a scenario using Oregon feedstock data, maximum feedstock availability 

(200-mile radius), and a 2000 tons of wet feedstock per day process intake. The initial as-received 

moisture content is varied and the minimum fuel selling point (MFSP) is determined. 

 

Figure 4.2: MFSP of a barrel of biocrude as a function of as-received moisture content. The results shown are for Oregon with 

a feedstock availability radius of 200 miles. 

As moisture content increases, LIFO becomes significantly more expensive than FIFO and 

HG unpiling due to rising water treatment costs. Excess moisture in LIFO feedstock surpasses the 
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amount needed for the slurry mixture, requiring additional treatment. In the case of FIFO and HG, 

feedstock is drier, reducing excess water handling. Additionally, wetter LIFO feedstock yields less 

biocrude per unit of input, as moisture displaces feedstock. While FIFO and HG require more 

water and solvent, the savings from lower water treatment costs outweigh these expenses. Between 

FIFO and HG, the difference in water and solvent needs is more pronounced, as HG dries more 

slowly due to mixing newer, wetter feedstock with older, drier material. Because HG remains 

slightly wetter, it requires marginally less water, making it the slightly less expensive option. 

Furthermore, due to the mixed nature of homogeneous unpiling, old, unused feedstock is never 

disposed of, removing an added cost that is applicable to LIFO and FIFO. 

The following cases vary moisture content by location and season, with average values of 

0.5543 [kg water/kg wet feedstock] in Oregon, 0.4344 [kg water/kg wet feedstock] in Iowa, and 

0.4849 [kg water/kg wet feedstock] in Maryland. 

4.3.2b The Effect of Facility Location 

The locations studied were Oregon, Iowa, and Maryland. Because woody feedstock is 

based on municipal solid waste, and MSW is based on population, Maryland has more available 

feedstock in a given area. Furthermore, Maryland produces 50% more waste per person than 

Oregon, and more than twice per person than Iowa, which is based on municipal solid waste data 

from each state. Smaller Maryland facilities are more costly due to higher availability of feedstock 

(and thus bought feedstock), more byproduct waste and feedstock disposal, and higher 

decommissioning costs. While Maryland had enough feedstock available to fill the facility to 

capacity, the overabundance of wasted feedstock outweighed this benefit. Inversely, due to the 

lack of availability in Iowa, smaller facility sizes are better suited for Iowa. The comparison  
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between facility size and MFSP can be seen for FIFO unpiling at a 100-mile radius in Figure 4.3. 

4.3.2c  Effect of Facility Sizing and Feedstock Availability 

As demonstrated in Figure 4.4, there is a “best” facility size (that results in a minimum 

price per barrel) that is a function of location and feedstock availability. As shown in Figure 4.4, 

the price starts high, decreases with increasing facility size, and then rises again. 

Table 4.6 shows that availability and size play a complex role on the MFSP. It is most 

interesting to note that sizes at or greater than 4000 wet feedstock tons per day do not decrease the 

MFSP with size; in fact, the MFSP increases with size after 4000 tons per day. Despite the 

increased capability of the facility and thus the ability to use all the feedstock available, total 

barrels produced over the life of the facility decreased with increased facility size. The reason 

behind this is that feedstock must be stored when the facility size is smaller, i.e., it cannot use all 

the feedstock coming in immediately. This allows feedstock to dry, and the facility can take in less 

water and more carbon for the biocrude.  

 
Figure 4.3: MFSP of barrel of biocrude for different facility sizes and locations. The results shown are for a 100-mile radius 

and FIFO unpiling method. 
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Figure 4.4: MFSP of a barrel of biocrude as a function of facility size for various feedstock availability radii. The results shown 

are for Maryland and homogeneous unpiling method. 

Furthermore, the 

facility sizes selected for 

this study were based on 

common industry scales 

and representative 

literature values, rather 

than derived through 

optimization. As such, 

further investigation is 

needed to determine the 

most appropriate facility 

size based on feedstock 

availability and geographic considerations. 

 

Size [tons/day] “Bes ” Supply Radius [mi] MFSP [$/barrel] 

5 10 623.70 

50 10 115.89 

100 10 115.27 

500 30 97.58 

1000 30 110.06 

2000 50 83.79 

4000 75 97.18 

6000 75 143.21 

8000 75 188.92 

10000 75 226.09 

12000 75 257.65 

Table 4.6: List of best feedstock supply radii for each size of facility for homogeneous 

unpiling in Maryland. 
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Feedstock availability varies based on the collection radius and area, directly impacting 

facility operations and costs. When availability increases, an oversized facility can utilize more 

material and improve efficiency. However, for an undersized facility, the surplus feedstock 

becomes a financial burden due to the costs of purchasing, transporting, and disposing of the excess 

woody biomass that can’t be used by the facility. Figure 4.5 shows that different amounts of 

feedstock availability are “best” for different sized facilities. 

 

Figure 4.5: MFSP of a barrel of biocrude as a function of the feedstock market area. The results shown are for a variety of 

facility sizes (maximum wet tons/day) for Maryland and homogeneous unpiling method. 

4.3.3 Case Study Discussion 

Finding the lowest 

minimum fuel selling price for 

multiple locations, unpiling 

methods, feedstock availability, 

facility sizes, and properties is a 

complex tradeoff that depends on 

many interdependent parameters. By comparing all 891 scenarios, Table 4.7 was constructed. It 

Location 
Size 

[tons/day] 

Supply Radius 

[mi] 

Price 

[$/barrel] 

Oregon 500 120 84.32 

Iowa 500 150 84.64 

Maryland 2000 50 83.79 

Table 4.7: "Best" size, feedstock supply radius, and price for each location 

using homogeneous unpiling. 
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was found that in all cases, homogeneous (HG) was the least expensive unpiling method as it 

results in drier feedstock than LIFO, meaning that excess water did not have to be treated and 

disposed of, but it was not so dry that a lot of makeup water needed to be added as with FIFO. It 

was also noted that homogeneous unpiling had no feedstock disposal costs as the pile was mixed, 

leading to lower costs. Table 4.7 shows the best facility size for different locations using an HG 

unpiling method. 

Furthermore, it was found that for small facility sizes, Iowa was the least expensive 

location for a biofuel conversion facility, and Maryland was the most expensive place to build a 

biofuel facility. For larger facilities, the inverse is true. This is due to the availability of feedstock 

as a whole in these states. Maryland has more than twice the amount of woody waste available 

than Iowa, so the same area and radius would have half the amount of wood in Iowa as it would 

Maryland. This means that smaller facilities are significantly undersized in Maryland for even the 

smallest radius evaluated, while larger facilities are oversized for Iowa. It is also important to note 

that the entire state of Iowa is covered in a 150-mile radius and thus increasing the radius to 200 

miles does not increase the feedstock availability as the entire state is already covered. The entire 

state of Maryland is covered in a 75-mile radius, and Oregon is covered in a 200-mile radius.  

Another observation is that as conversion facility size grows for a given radius, the facility 

eventually surpasses the amount of feedstock available. When this happens, feedstock is 

immediately taken into the HTL facility despite being wet. This means that the feedstock entering 

the process is displaced by moisture and less biocrude can be produced. Thus, having a slightly 

undersized facility allows woody biomass to sit in the pile and dry, leading to an increase in 
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biocrude production. The costs can then be spread more evenly across the biocrude barrels, thus 

reducing the MFSP. 

Capital costs varied from 5.9% of the price of the barrels, to 65.3%. The cost of feedstock 

varied from approximately 0% of the MFSP to 88.9%. Feedstock disposal accounted for up to 

43.1% of the price of each barrel. The natural gas used to heat the HTL reactor varied from 

approximately 0% to 37.5%. Trends show that as the size of the facility increased, so did the cost 

of natural gas usage, while bought feedstock closely correlated with collection area. Capital costs 

remained consistent across location and increased with size; accounting for the percentage of the 

price per barrel, capital costs rose until reaching a maximum, then slightly decreased, finding an 

equilibrium. Capital costs made up a significant portion of the MFSP at lower feedstock 

availability but decreased as feedstock supply increased. Meanwhile, feedstock expenses rose with 

availability due to the higher volume of purchased material. Similarly, feedstock disposal costs 

grew as availability increased, eventually exceeding the facility’s processing capacity. However, 

due to the nature of homogeneous unpiling, disposal of feedstock did not occur and thus were not 

a part of costs for HG unpiling facilities. Figures 4.6 – 4.8 show some example breakdowns for 

the cost of a barrel of biocrude. 
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Figure 4.6: MFSP breakdown for Maryland, 150 mi radius, 5 

tons/day using HG unpiling. 

 
Figure 4.7: MFSP breakdown for Maryland, 30 mi radius, 5 

tons/day using LIFO unpiling. 

 
Figure 4.8: MFSP breakdown for Iowa, 50 mi radius, 100 tons/day using HG unpiling. 
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4.4 Discussion and Conclusions 

A cost model was developed using CREST as the starting point. Adjustments were made 

to find the minimum fuel selling point of biocrude produced at a biofuel facility. Costs related to 

facility size and location were considered. 

Multiple scenarios were evaluated including location, availability of feedstock, and size of 

the facility. Homogeneous (HG) unpiling was the cheapest unpiling method, while LIFO 

significantly increases costs. Iowa is the least expensive place to build a small-scale biofuel 

conversion facility (< 100 wet tons/day), while Maryland is the best place for a large-scale facility 

(>1000 wet tons/day) due to the availability of wood waste in these states. 

Building a facility that closely matches the feedstock availability can increase costs as this 

does not allow the feedstock adequate time to dry and increases wastewater treatment costs. By 

slightly under sizing the facility, costs are saved and the price of the biocrude reduces. Capital 

costs and feedstock expenses accounted for minimum fuel selling point the most, up to 65.3% and 

88.9% respectively.  

Brent crude oil averaged $80 in 2024 (Barron, 2025), while the least expensive modeled 

HTL cost per barrel was $83.79 for a 2000 wet ton/day facility in Maryland. Although this figure 

slightly exceeds Brent prices, the inclusion of tax incentives, grants, and ongoing technological 

advancements suggests that biocrude is becoming increasingly competitive as a renewable 

alternative. 
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Chapter 5: Feedstock Supply Contracts 

This chapter applies contracts to a single scenario: a 500 wet ton per day facility located in 

Oregon using FIFO unpiling and sourcing feedstock from a 120-mile radius. Three contract types 

are explored: free-market, lower-limit, and dual-limit contracts. The free-market contract is the 

basis of previous discussion, i.e. no contract. A lower-limit, or single-limit contract, requires a 

minimum delivery of feedstock or a penalty is assessed. A dual-limit contract adds an upper limit 

to the lower-limit contract type. The chapter finds that the higher the lower limit, the lower the 

minimum fuel selling price (MFSP). The closer the upper limit is to the facility size, the lower the 

MFSP. 

5.1 Introduction 

Well-structured contracts in the biofuel industry are necessary to manage supply-chain 

risks and ensure the viability of markets for the resulting fuel. Without reliable agreements that 

ensure both a steady feedstock supply and financial viability, companies risk production halts and 

financial losses.  

Generally, contracts need to be win-win arrangements; if the contract takes advantage of 

one party over the other, it is likely that neither party will succeed. In this case, one party may be 

driven away, or may drive the other out of business altogether. A fair and enforceable agreement 

helps align incentives and maintain long-term collaborations. 

This is especially critical in systems that rely on municipal wood waste, which is neither 

abundant nor reliably available on demand. Unlike operations that harvest fresh timber, where 
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supply can be managed to match demand, woody waste streams fluctuate over time and are 

sensitive to seasonal, economic, and geographic factors. This uncertainty poses a significant risk 

to conversion facilities that require consistent volumes of feedstock to operate efficiently. 

Contracts serve to manage this variability by guaranteeing a minimum incoming volume or by 

establishing penalties or reimbursements if supply does not match the needs of the facility. In short, 

contracts provide stability in an otherwise unpredictable system — offering protection for both the 

supplier and the buyer, i.e., they are a risk-sharing mechanism. 

5.1.1 The Importance of Contracts – Enviva’s Story 

In May 2023, wood pellet company Enviva announced losses of $117 million (Catanoso, 

2023) in its first quarter. Throughout the year, Enviva continued to lose money, and in March 2024 

Enviva filed for bankruptcy. Two years earlier, they were promising to increase pellet production 

from 6.2 million metric tons in 2022, to 13 million metric tons in 2027, and had several multi-year 

contracts lined up world-wide. Several factors lead to their demise; improperly designed 

equipment, misleading customers about the environmental friendliness of the feedstock, and an 

inability to meet contractual obligations were major contributing factors. 

In 1996, the UN agreed on a method of calculating wood-based greenhouse gas (GHG) 

emissions. To avoid double counting, the agreement was to assign the GHG emissions to the 

country in which the wood originates (de Puy Kamp, 2021). Using this loophole, several European 

countries have declared their wood burning powerplants “clean” and “zero emissions”. Despite 

this, many environmental groups, such as Earthjustice, have complained about the new emissions 



102 

 

the United States have now accepted2. “Drax has operated its Gloster facility since 2015 and has 

been in violation of its air permit every year since” stated Earthjustice attorney Allison Brouk 

about UK-based wood pellet company Drax (Brouk, 2024). Enviva owns nine wood pellet plants 

in the southern United States (de Puy Kamp, 2021), predominantly located in rural, low-income 

areas. Northampton, North Carolina, where one of the sites is located, is 58.4% Black, and 25.4% 

of the population live below the poverty line (North Carolina Department of Environmental 

Quality, 2019). “The wood scientists at the company should have known that there is pitch and 

resin in pine. It’s not environmentally friendly during processing; it releases a lot of on-site air 

pollution” stated a previous Enviva employer (Catanoso, 2023). CNN interviewed residents who 

complained of wood dust and noise (de Puy Kamp, 2021). Earthjustice cited that a Drax-owned 

site in Mississippi has violated air permit restrictions every year since it was built in 2015, 

including a $2.5 million fine in 2021 (Powis & Boyles, 2024). In 2023, NRDC reported that Enviva 

had 14 air quality violations since 2017 from just its North Carolina facilities (Pepper, 2023). 

Furthermore, the Enviva employer accused Enviva of cutting whole trees. “The company says that 

we use mostly waste like branches, treetops and debris to make pellets. We use 100% whole trees 

in our pellets. We hardly use any waste. Pellet density is critical. You get that from whole trees, 

not junk” (Catanoso, 2022). Due to the negative environmental effects, companies such as Enviva 

are facing public backlash and fines. 

 

2 By shifting the emissions calculations to the United States, the EU can accurately claim that 
wood-based energy is “clean”. However, low-income communities in the United States are paying 

the price. Furthermore, the stance in the EU pushes public opinion and policy towards “greener” 

energies, which wrongly includes burning wood. 
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Not only is Enviva harming vulnerable southern communities, but it also facing numerous 

shutdowns due to the wood being used. The former employee and whistleblower stated “Enviva’s 

business shifted to 80% pine and 20% hardwood and here’s why. You’re not getting free scraps or 

tree limbs; you’re buying whole trees. And hardwood costs a lot of money” (Catanoso, 2023). The 

employee, who formerly operated two Enviva facilities, noted that Enviva promised 80% 

hardwood waste from loggers and 20% pine wood; however, the opposite proved to be true. Pine 

wood tends to be wet and resinous. Because Enviva planned on using dry wood waste, everything 

was made from carbon steel, rather than rust resistant stainless steel. Equipment breakdowns 

became a regular occurrence, costing $700,000 to $1 million each time (Catanoso, 2023). 

Furthermore, whole trees cost much more than free waste. With no contracts for feedstock in place, 

Enviva had to outbid competitors for wood. 

With frequent shutdowns, Enviva was no longer meeting their contracts. In 2022, Enviva 

renewed a take-or-pay contract with German company RWE (Enviva Inc., 2022). By 2024, RWE 

cancelled the contract and demanded $370 million in damages (Catanoso, 2024). Mongabay 

reported that Enviva was experiencing huge losses due to fixed-price contracts (Catanoso, 2023). 

Enviva, in 2023, credited their survival to “our ability to renegotiate customer contracts” 

(Catanoso, 2023).  

The downfall of Enviva highlights the serious consequences of inadequate contracting in 

the biofuel sector. Without dependable contractual agreements to secure consistent feedstock 

supply and financial stability, companies face increased risk of operational disruptions, economic 

losses, and potential insolvency. Enviva’s failure to secure sustainable contracts that manage 

supply-chain risks ultimately led to missed obligations and legal disputes, such as RWE’s $370 
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million claim. This case demonstrates how essential it is for producers and buyers to establish 

contracts that anticipate variability in supply and operational challenges. Without these safeguards, 

even large-scale ventures may face significant disruptions and long-term instability. 

5.2 Feedstock Delivery Contract Scenario Approaches 

Cost analysis and standard minimum fuel selling point calculations assume a constant 

supply and demand. Feedstock arrives at a consistent rate and is delivered exactly when it’s needed 

at the quantity needed. The feedstock composition is static, i.e., the same for each delivery, 

regardless of season, location, or species. Storage is either not considered or is considered as just 

a capital cost, i.e. storage is not used as feedstock is delivered perfectly. Two additional 

considerations must be addressed: feedstock supply rate and maximum storage capacity. These 

elements directly impact the feasibility and fairness of the contract terms. The feedstock supply 

rate plays a critical role in how effectively a contract functions. If feedstock was available at the 

right quantity, quality, and time, there would be no need for a contract. However, if feedstock 

availability is variable, the biofuel facility must find ways to keep feedstock supply to the process 

uniform. Variable feedstock rate was explored in Chapter 4, but how constant feedstock supply 

rate effects the minimum fuel selling point has not been discussed. Similarly, maximum storage 

becomes relevant when considering an upper limit for contracts, as a facility may not be able to 

accept unlimited feedstock beyond what it can store. Therefore, an upper limit may serve as a 

contractual safeguard to avoid excess purchases that exceed storage capacity. Furthermore, 

reducing inventory and buying feedstock as needed can lead to fresher feedstock and reduce waste 

due to degradation. Both constraints must be explored to establish realistic boundaries before 

implementing and evaluating lower and dual-limit contract structures.  
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5.2.1 Feedstock Supply Rate 

In Chapter 3 and Chapter 4, feedstock was supplied at a variable rate based on predicted 

wood waste; this wood waste was based on: geospatial tree species, which predicted average 

moisture content on a seasonal basis; population, which affected the amount of waste produced 

proportional to the amount of municipal solid waste (MSW) produced per capita per location; and 

seasonal changes in amount of wood waste produced. Constant feedstock supply must be explored 

with relation to MFSP to evaluate the effectiveness of contracts.  

A 500 wet ton per day facility located in Oregon will be used as the case study. This facility 

uses FIFO unpiling and receives the same amount of feedstock each day, with varying moisture 

content. Cases were also tested where the as-received moisture content was kept constant and 

found no difference in MFSP between constant AR moisture content and varied moisture content. 

As found in Chapter 4, it is best to slightly undersize the facility to allow feedstock time to 

dry. Moisture in wet feedstock displaces the desired properties in the feedstock, causing less 

biocrude to be produced. Figures 5.1 and 5.2 confirm these findings from Chapter 4 and also shows 

that increasing the feedstock supply by even 50 tons per day can decrease the moisture content 

significantly and drop the MFSP from $139.72 per barrel to $92.46 per barrel.  

Figure 5.1 shows that delivering more feedstock than needed reduces the minimum fuel 

selling price. Figure 5.2 shows the moisture content on arrival/as-received (AR) and upon intake 

into the facility for three scenarios. These three scenarios were when the feedstock supplier was 

delivering a constant 500 tons each day, 550 tons each day, and 1000 tons each day. As shown, 

500 tons are taken in as soon as it arrives and is given no chance to dry; 550 tons each day allows 

the feedstock a chance to dry some and quickly reduces the moisture content, raising the amount 
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of biocrude produces. 1000 tons each day even further reduces moisture content, however the price 

begins to rise again as excess feedstock is bought and eventually discarded if stored past the 90-

day time limit. 

 
Figure 5.1: Minimum fuel selling price for constant feedstock intake each day at an Oregon facility sized for 500 wet tons per 

day and a 120-mile feedstock supply radius. The blue line represents the MFSP for constant delivery of 500 tons of wet feedstock 

each day. 
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Figure 5.2: Moisture content (MC) of a 500 wet ton per day delivery, 550 wet tons per day delivery, and 1000 wet ton per day 

delivery over the first year. 

5.2.2 Maximum Storage 

Storage at the facility is assumed to be uncovered in a pile as discussed in Chapter 3. While 

results from Chapter 3 and 4 assumed that the available storage space for the pile is effectively 

unlimited, this is unrealistic. Limiting pile size will lead to feedstock being rejected and discarded, 

increasing disposal costs and risking downtime later if the pile runs low or empty. It may, 

depending on the unpiling method utilized, also affect the moisture content of feedstock being 

used in the process as it may be used sooner than anticipated; this could lead to a reduction in 

products and byproducts as wetter feedstock is used and moisture in the feedstock takes up space. 

These variables will inevitably affect the minimum fuel selling price. 

To study the effects of maximum storage, a maximum storage is applied to a single facility. 

This facility is located in Oregon, is sized to process 500 wet tons of feedstock each day, uses 

FIFO unpiling, and accepts feedstock from a 120-mile radius surrounding the facility. When 
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storage is not limited, as analyzed in Chapter 4, the pile reached a size of 159,174 tons for this 

facility scenario, as seen in Figure 5.3. 

 

Figure 5.3: The pile size reaches a maximum of 159,174 tons for an unlimited facility located in Oregon. This facility uses FIFO 

unpiling, sources feedstock from 120-mile radius, and is sized to process 500 tons of wet feedstock each day. This scenario is 

the lowest MFSP for Oregon in Chapter 4. 

Using this same scenario, various sizes from no storage available (0 tons) to 175,000 tons 

are studied. All feedstock available is bought as per the contract agreement. If feedstock cannot be 

stored due to space constraints, then it must be immediately disposed of. Feedstock older than 90 

days will also be disposed of. Disposal costs $1.89/ton of feedstock based on disposal costs, salary 

of a truck driver, fuel efficiency of a standard truck, and travel distance. These values are listed in 

Appendix E as part of the cost model. Figure 5.4 shows that the minimum fuel selling point 

(MFSP) eventually levels out. It is important to note that, in this model, there is no additional cost 

for storage. The square footage for the facility is based on the facility’s capacity only. For this 

reason, as well as to conform to literature (Knorr et al., 2013; Kumar et al, 2003), 7000 tons, i.e. 

two weeks’ worth of storage, will be used as the maximum storage for the following scenarios. 

Under this scenario, the MFSP is $128.97 per barrel. This is noted as a blue triangle in Figure 5.4. 
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Figure 5.4: MFSP as a function of maximum storage for a single 500 wet tons per day facility in Oregon using FIFO. Two 

weeks’ worth of storage, i.e. 7000 tons, is noted as a blue triangle. 

5.3 Contract Definitions and Analysis Assumptions 

Three contract types will be considered:  

1. Free-market or fixed-cost contracts: The free-market scenario assumes that the cost of 

resources and materials changes with supply and demand; however, the costs of 

materials used, including woody biomass, are relatively stable, and are equivalent to a 

fixed-cost contract. this is the “no contract” default case and the results of this type of 

contract are explored in Chapter 4. 

2. Lower-limit or single-limit contracts: The lower-limit contract requires a lower limit 

quantity that a supplier is contractually obligated to deliver or face a monetary penalty.  

3. Dual-limit contracts: The dual-limit contract sets an upper limit that the facility will 

accept along with the lower limit.  
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In this chapter, only contracts will be discussed; the effects of location, facility size, and 

feedstock availability, were explored in Chapter 4. Modeling all combinations of these variables 

with different contracts is not feasible. Thus, one scenario has been chosen. FIFO was chosen to 

account for feedstock that must be disposed of after a time limit, as homogeneous doesn’t account 

for this. This limit is 90 days, as discussed in Chapter 4. Also, LIFO uses the newest feedstock 

first, meaning that the effects of waiting in the pile are not as apparent as they are in FIFO, as 

discussed in Chapter 3. The least expensive barrels in Oregon without contracts (as found in 

Chapter 4, Table 4.7) was a facility that could process 500 wet tons of feedstock each day, 

accepting feedstock within a 120-mile radius.  

The analysis assumptions are as follows: 

- The biocrude conversion facility is located in Oregon. 

- The biocrude conversion facility uses a FIFO unpiling technique. 

- The biocrude conversion facility can process 500 wet tons of wet feedstock each day. 

- The single feedstock supplier sources their supply from a 120-mile radius. 

- Feedstock is varied based on seasonal and geographic availability as specified in 

Chapter 2, Equation (2.2). 

- The biofuel conversion facility will buy all the feedstock available when no upper limit 

is imposed. The facility is obligated to buy everything delivered. 

- The maximum storage limit is 7000 tons and the storage time limit is 90 days. After 90 

days the biomass will be discarded. If 7000 tons of feedstock is in storage, any 

incoming feedstock will be bought but immediately disposed of. 

- The cost to discard feedstock due to space or time constraints is $1.89/ton. 
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- The profit margin is 10%, except for in Figure 5.6, where varying the profit margin is 

explored. A 10% profit margin leads to a penalty of $23.79/underdelivered ton which 

is calculated using Equation (5.1). 

- The penalty timeframe defined in each contract varies; daily, weekly, monthly, and 

yearly contract penalty timeframes will be explored. 

5.4 Lower-Limit Contracts 

The lower-limit contract stipulates that the supplier must supply a minimum amount of 

feedstock to the biocrude conversion facility. Realistically, the biofuel facility would want the 

exact amount of feedstock required to keep the facility running; comparatively, the feedstock 

supplier would want the biofuel facility to buy as much feedstock as possible at a fixed rate as 

agreed upon in the contract. This fixed-rate price is equivalent to market price, and it is assumed 

there are no other competitors. To meet both requirements, the biocrude facility agrees to buy all 

available feedstock, however, if the supplier does not meet a minimum requirement, they must pay 

a penalty.  

Setting the penalty and quantity of the lower limit is essential.  Looking at the Enviva 

example, RWE demanded $370 million in damages for unmet contracts. Enviva typically delivers 

2.5 million tons of wood pellets annually to RWE; this comes out to $148 per ton of feedstock. 

However, Enviva sells pellets and not the unprocessed woody feedstock that a biocrude conversion 

facility would use, thus this penalty is too high. Another way to impose a penalty would be a flat 

rate, i.e. a penalty that does not consider how much the supplier undersupplied. However, a more 

accurate way to impose a lower-limit penalty would be to calculate the lost opportunity cost, i.e. 
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the profit lost for each barrel. This would be based on the amount of feedstock the supplier was 

short by, the amount of biocrude that could have been produced from the short feedstock, and the 

profit that could have been made on the shorted biocrude.  

5.4.1 Opportunity Cost 

The scenario chosen to be investigated is a 500 wet tons per day Oregon facility using FIFO 

unpiling and collecting feedstock from a 120-mile radius. Using this scenario, the opportunity cost 

of each ton of undelivered feedstock can be calculated as: 

𝑂𝐶 =  
$128.97

𝑏𝑎𝑟𝑟𝑒𝑙 𝑜𝑓 𝑏𝑖𝑜𝑐𝑟𝑢𝑑𝑒
(

𝑏𝑎𝑟𝑟𝑒𝑙𝑠

42  𝑔𝑎𝑙𝑙𝑜𝑛𝑠
)(

𝑔𝑎𝑙𝑙𝑜𝑛

7.21 𝑙𝑏𝑠 𝑏𝑖𝑜𝑐𝑟𝑢𝑑𝑒
)(

0.279 𝑙𝑏 𝑏𝑖𝑜𝑐𝑟𝑢𝑑𝑒

𝑙𝑏 𝑓𝑒𝑒𝑑𝑠𝑡𝑜𝑐𝑘
)(

2000 𝑙𝑏

𝑡𝑜𝑛𝑠
)𝑃𝑀  Eq. (5.1) 

where OC is the opportunity cost per ton of undelivered feedstock, $128.97 per barrel is the MFSP 

of each barrel when no contracts are applied for the scenario described above and the facility can 

store a maximum of 7000 tons; 7.21 lbs/gallon is the density of biocrude (Chevron, n.d.; Energy 

Education, n.d.; Quora, n.d.); 0.279 is the average yield of biocrude from feedstock, as discussed 

in Chapter 2; and PM is the profit margin, expressed as a decimal.3 

Unfortunately, data on profitability for biocrude is only based on estimates. One source 

(Business Plan Templates, 2025) states that biofuel producers can make a profit up to 20%, yet 

other sources (Irwin, 2022; Iowa State University, 2025) state that, in 2021, biodiesel profit 

margins were negative. Part of this confusion can be attributed to the various feedstocks used, 

 

3 The opportunity cost is recursive in nature, i.e., it depends on the opportunity cost set in the 
contract.  This problem is beyond the scope of the present analysis, however a similar problem 

(LCOE in contracts depending on the LCOE that results from the contract) has been studied 

previously (Bruck & Sandborn, 2021). 
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processes, and biofuel products – biocrude, biodiesel, ethanol, and light and heavy oils. Further 

information on different profit margins is in Table 5.1. 

Reference Fuel/Feedstock Type Profit 

Business Plan Templates (2025) Biofuel 15 – 20% 

Irwin (2022) Biodiesel $0.03/gal 

(2021 average: 

 -$0.61/gal) 

Iowa State University (2025) Biodiesel Average: $0.41/gal 

Median: $0.40/gal 

Standard Deviation: 

$0.05/gal 

Schroeder (2023) Ethanol $0.25 – $0.30/gal 

Iowa State University (2025) Corn Ethanol Average: $0.04/gal 

Median: -$0.01/gal 

Standard Deviation: 

$0.26/gal 

Gerveni et al. (2023) FAME (fatty acid methyl 

ester) 

$0.07/gal 

Table 5.1: Profit margins for various biofuel or feedstock types. 

5.4.2 Lower-Limit Penalty Example 

Figure 5.5 shows a 500 wet ton per day Oregon facility that imposes a daily 500-ton lower 

limit. When the feedstock supplier does not deliver 500 wet tons in a day, the supplier is charged 

a profit margin of 10%, which, using Equation (5.1) equates to a penalty of $23.79/underdelivered 

ton. When the incoming feedstock falls below the lower limit, the supplier must pay a penalty for 

the undelivered feedstock, i.e. the total penalty is based on unmet lower limit in the contract. If the 

incoming feedstock meets or surpasses the lower limit, no penalty needs to be paid. 
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Figure 5.5: One year of feedstock delivered and penalties paid for a 500 ton per day Oregon facility using FIFO. When feedstock 

delivery is under the lower limit, a penalty is paid dependent upon amount of feedstock underdelivered. 

When penalties based on opportunity costs are applied, the minimum fuel selling price 

(MFSP) can be lowered indefinitely, as seen in Figure 5.6. While this is ideal for the biocrude 

facility, this puts an undue burden on the feedstock supplier to supply unrealistic amounts of 

feedstock at a steep penalty. In this scenario, the biocrude facility could make money off the 

contract alone, rather than its intended purpose of producing biocrude. Because a contract is 

between two parties, the quantity and penalty must benefit both the supplier and the biofuel facility. 
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Figure 5.6: Minimum fuel selling price vs. lower limit and profit margin for daily contracts at a 500 wet tons/day facility. 

Not only must the penalty be chosen, but the lower limit timeframe must also be explored, 

i.e., how often the contract measures the total delivery amount and assesses a penalty if applicable. 

Daily, weekly, monthly, and yearly timeframes were chosen. These timeframes are the timeframes 

in which the lower-limit contracts must be met. For example, a daily contract set with a lower limit 

of 500 tons means that the supplier must supply 500 tons each day and a penalty (if applicable) is 

assessed on a daily basis. However, if the contract was a yearly contract, a higher lower limit would 

be applied, i.e., 365 x 500 tons each year and the penalty is only assessed at the end of the year.  

As seen in Figures 5.7 – 5.10, the MFSP will stay constant before decreasing.  
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Figure 5.7: Graph showing daily contract MFSP reducing with increased lower limit. Weekly, monthly, and yearly contracts 

are constant at these lower limits. 

 
Figure 5.8: Daily contracts reduce rapidly while weekly contracts begin to reduce in MFSP with increases in lower limit. 

Monthly contract MFSP is minimally affected while yearly contracts still are constant at low lower limits. 
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Figure 5.9: Daily and weekly contract MFSPs reduce quickly as monthly contracts reduce slowly. Yearly contracts still are 

constant at 100,000 tons lower limit. 

 
Figure 5.10: MFSP starts to reduce for yearly contracts at 200,000 tons lower limit. 

Between all the contract types, the daily contracts provide the lowest minimum fuel selling 

price and reduced in price the quickest. This is due to the penalty being assessed more frequently 

and not giving the supplier any flexibility to compensate for lower delivery days with higher 

delivery days. For example, the daily contract with a lower limit of 500 tons, and the yearly 
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contract with a lower limit of 200,000 tons both produce the same amount of biocrude and 

byproducts under the same feedstock arrival schedule. However, the daily contracts assess a 

penalty to the supplier every day that the supplier does not meet the daily lower limit of 500 tons. 

This means that in year 1, the supplier pays $701,811 in penalty fees. The yearly contract, on the 

other hand, only assesses a penalty if the total feedstock in an entire year does not meet the lower 

limit, giving the supplier more flexibility to compensate for day-to-day fluctuations. The supplier 

in the yearly contract scenario does not pay a penalty until year 3, at a value of $432,678 as they 

meet the 200,000 ton lower limit in the first two years. The additional income from daily penalties 

allows the minimum fuel selling price to drop significantly in comparison to longer timeframes. 

It is important to note, however, that many of these contracts are unreasonable to the 

feedstock supplier. Constraining the contract to such a short timeframe may make it difficult to 

meet the limits. By providing leeway, such as expanded timeframes, the feedstock supplier may 

be more willing to agree to a contract. 

5.5 Dual-Limit Contracts 

Lower-limit contracts state that the biocrude facility will buy all feedstock delivered to the 

facility at an agreed upon price; however, the facility could enact an upper limit, i.e., a dual-limit 

contract to reduce inventory or feedstock above the maximum storage allotment. A dual-limit 

contract stipulates that the feedstock supplier must supply a minimum amount of feedstock to the 

biocrude facility, however, the biocrude facility will also not accept feedstock past a certain 

amount. The “penalty” for the supplier exceeding the upper limit is refusal to buy excess feedstock. 

The biocrude facility will not pay for nor accept feedstock above the upper limit. The upper limit 
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may be enacted to prevent degradation of feedstock before it can be used. Feedstock will be 

discarded after 90 days. Eisenbies (2016) noted uncovered piles were recommended to be stored 

for no longer than two months; Gejdoš (2021) categorized long-term storage as longer than three 

months. Thus, it is important to implement an upper limit; once the upper limit is reached, no more 

feedstock will be bought or accepted by the facility. 

As with the lower-limit contracts, daily, weekly, monthly, and yearly contracts are applied, 

however in these cases an upper and lower bound are applied. A 10% profit margin was used; thus, 

the penalty was $23.79/underdelivered feedstock for the lower limit. The minimum fuel selling 

price was found to be lowest when the lower limit was high (the higher the LL, the lower the 

MFSP), and an upper limit slightly above the size of the facility (i.e., 500 for daily, 3500 for 

weekly, and 15000 for monthly) for all cases except the yearly contract. The yearly contract 

reaches the lowest MFSP when the upper limit is 400,000 tons per year, more than double what is 

needed to run the facility. This is due to 90-day maximum storage time. For example, consider a 

comparison between yearly contracts with upper limits of 200,000 and 500,000 tons, both with a 

lower limit of 90,000 tons. The 200,000 upper limit shows that near the end of November, the 

facility rejected all feedstock for the rest of the year as the upper limit had been reached, which 

can be seen in Figure 5.11. However, some feedstock had already been discarded as it had reached 

the 90-day storage limit. This means that the remaining feedstock in the pile is not enough to run 

the facility for the rest of the year. The 500,000 ton upper-limit contract on the other hand continues 

to buy feedstock as the upper limit had not been reached. This allows the facility to continue to 

run and produce more biocrude, increasing profit. 
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Figure 5.11: Pile size as a function of time for three years. For the 200,000 ton upper limit, the feedstock supplier met the upper 

limit and feedstock was rejected. The pile diminished to zero. For the 500,000 ton upper limit, the limit was never met, and 

feedstock was bought, keeping the pile supplied. Both scenarios had low piles in the summer due to lower availability. 

 
Figure 5.12: Daily contracts with multiple different lower limits. 
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Figure 5.13: Weekly contracts with multiple different lower limits. 

 
Figure 5.14: Monthly contracts with multiple different lower limits. 
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Figure 5.15: Yearly contracts with multiple different lower limits. 

It is important to note that the lower limit should not surpass the upper limit by definition. 

Figure 5.15 shows several scenarios where the MFSP is low; for example, when the lower limit is 

900,000 tons and the upper limit is 100,000 tons, the MFSP is $12.14 per barrel (and in other cases, 

the MFSP is below $0 per barrel), however, these cases are unreasonable due to the upper limit 

being below the lower limit. In these cases, all feedstock above the upper limit is being turned 

away and the feedstock supplier can never reach the lower limit and being penalized. These cases 

are not realistic but are shown to create a full picture. This picture shows that the lower limit has 

a dramatic effect on the MFSP while the upper limit effect is less pronounced and has a limit. 

5.6 Conclusion 

A 500 wet ton per day facility located in Oregon with a feedstock supply radius of 120 

miles and FIFO unpiling technique was used as the base scenario for various contracts. Before 

contracts were implemented, constant feedstock supply and maximum storage amount were 

investigated to determine the effect on minimum fuel selling price. The study on constant feedstock 
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supply showed that, as discovered in Chapter 4, biofuel facilities should be slightly undersized to 

allow feedstock to dry; even under sizing the facility by 50 tons would drop minimum fuel selling 

price from $139.72 per barrel (with no maximum storage) to $92.46 per barrel (with no maximum 

storage). Furthermore, it was found that the larger the storage, the lower the MFSP, however extra 

costs in storage were not considered.  

Once constant feedstock supply and maximum storage were studied, variable feedstock 

was reinstated and a maximum storage of 7000 tons was applied. Lower-limit and dual-limit 

contracts were then studied. It was found that the higher the lower limit, the lower the minimum 

fuel selling price, however this put undue pressure on the facility feedstock to supply unrealistic 

amounts of feedstock or face heavy penalties. At some point, the biocrude facility could profit on 

the contracts alone. Contracts are an agreement between two parties, and this is not an agreeable 

contract. 

Dual-limit contracts found that the same applied for the lower limit; the higher the lower 

limit, the lower the minimum fuel selling price. As the upper limit increases, the MFSP also 

decreases to a point, then increases again. This point is slightly above the facility size for daily, 

weekly and monthly contracts to allow the feedstock time to dry. By drying the feedstock, even 

for a day, an average of 123,768 more barrels can be produced each year (comparing no maximum 

storage and constant feedstock supply scenarios). Yearly contracts, on the other hand, have the 

complicating factor of the maximum storage time of 90 days. After 90 days of storage in the pile, 

feedstock is considered too degraded to remain and is disposed of. This means that, if the upper 

limit is reached early enough in the year, the facility may run out of feedstock – either through use 

or through quality issues – before more feedstock arrives in the following year. 
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Contracts are agreements between two parties. Both parties must be fairly treated and agree 

to the conditions set. Contracts that stipulate daily timeframes and restricted limits put undo strain 

on the supplier; contracts with wide or no limits and yearly timeframes leave the biocrude facility 

with a lack of feedstock or uncertainty about when it can run. 

Furthermore, there are more conditions that could be added to the contract. For example, 

it is assumed that all feedstock arriving to the facility is freshly harvested wood waste, such as 

woody biomass left over from the lumber industry. Freshly harvested green wood has high 

moisture content and has not had time to dry. Quality conditions could be added to the contract to 

avoid issues with biocrude products or, in the case of Enviva, design of the facility. This could 

require feedstock to be dried prior to arrival so that the facility could be built to size rather than 

undersized. It could also require feedstock to be of a certain composition, particle size, or other 

features; these factors were not studied in this dissertation and are left for future work. 
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Chapter 6: Conclusions and Future Work 

6.1 Summary and Conclusions 

In this dissertation, a framework was created for evaluating waste-to-energy, applied to 

woody waste at a hydrothermal liquefaction (HTL) facility, of several different sizes, in different 

locations, with different feedstock radii and varying feedstock characteristics. This framework 

consisted of a dataset, a process model, a cost model, and applied contracts. 

A dataset was developed to determine the amount of feedstock available, biomass 

properties, and the moisture content based on location and season. To determine the amount of 

feedstock available, average waste per capita was established for the three locations – Oregon, 

Iowa, and Maryland. Population projections were gathered, then yearly wastes were estimated 

until 2045. Using seasonal wood waste data from the literature, monthly wood waste estimates 

were generated from the yearly solid waste estimates. Moisture content was also estimated for the 

three locations. Tree species data was matched to the trees in each location to find an average 

weighted moisture content. Using seasonal moisture variations, geospatial and temporal average 

moisture content with variation was developed. Furthermore, data from HTL studies that used 

woody biomass were gathered and averaged to determine biocrude, aqueous solution, solid 

residue, and gas yields. 

The piling model was made to calculate moisture loss and dry matter loss dependent on 

residency time. Three unpiling types – FIFO, LIFO, and homogeneous – were studied. FIFO, first 

in, first out, assumes the oldest feedstock will be used first. LIFO, last in, first out, uses the newest 

feedstock first. Homogeneous mixes the feedstock so that it is uniform in all ways. The piling 
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model found that higher temperatures and relative humidity will lead to lower moisture content. It 

also found that FIFO will dry the quickest, homogeneous unpiling will dry quickly but not as 

quickly as FIFO, and LIFO will be the wettest; piles will dry to a minimum of around 9%. 

Dry matter loss in LIFO was the least while FIFO was the most. LIFO used new feedstock 

first, so it did not have time to lose dry matter. LIFO also disposed of more feedstock at 90 days 

compared to FIFO, as older feedstock was not used and would thus be disposed of. This smaller 

pile also lead to lower dry matter loss. FIFO lost the most dry matter as DML is related to residence 

time; FIFO had the oldest feedstock and thus lost the most amount of dry matter. Homogeneous 

piles were a mix and thus had older feedstock than LIFO, but newer feedstock than FIFO. 

The piling model outputs were used in an HTL statistical model to generate products and 

byproducts for the cost modeling. The cost model used real cost from each location to determine 

the cash flow for the life of the facility. All capital costs, taxes, operations, maintenance, and 

financing were summed and subtracting all revenue from the selling of gas. The minimum fuel 

selling price was then calculated by finding the price the barrels must be sold at to “break even”, 

i.e., the cumulative cash flow was zero. Homogeneous (HG) unpiling was found to be the lowest 

minimum fuel selling price (MFSP) for all unpiling types when maximum storage was not 

considered for two primary reasons. HG unpiling did not adhere to the 90-day disposal rule because 

the pile is mixed and removing old feedstock would not be feasible. Thus, HG unpiling facilities 

always had enough feedstock and did not have to pay feedstock disposal fees. Furthermore, HG 

unpiling was nearly as dry as FIFO, thus more solid feedstock could be processed without being 

hindered by moisture and more biocrude could be produced. However, when maximum storage 

was considered, FIFO or HG could have lower MFSP depending on several factors. 
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The cost model also found that smaller facilities were best suited for Iowa, while larger 

facilities were best suited for Maryland due to the availability of feedstock. Oregon and Iowa had 

similar MFSP due to the similar amounts of feedstock each produced. The cost model found that 

under sizing a facility slightly lead to lower MFSP by allowing the feedstock to dry slightly, 

leading to increased biocrude production. 

Finally, feedstock delivery contracts were applied to a single scenario. Three types of 

contracts were considered: fixed price, lower limit, and dual limit. When a lower limit was applied 

to a feedstock supplier for undersupplying feedstock, the minimum fuel selling price fell due to 

being compensated for lost production. However, this contract setup could be predatory towards 

the feedstock supplier as impossibly high lower limits and penalties could allow the biocrude 

facility to profit on the penalties alone; this of course is not an agreeable contract. Dual-limit 

contracts found to lower MFSP when the lower limit was as high as possible and the upper limit 

was slightly above the size of the facility. The high lower limit allowed the facility to be 

compensated for lost production; the upper limit allows the feedstock to dry without needing to 

discard feedstock due to storage or quality constraints. Shorter contract timeframes were more 

beneficial to biocrude facilities but put more risk and strain on feedstock suppliers. Future contracts 

may want to include quality limits along with quantity limits to reduce moisture content, ash, and 

loss of dry matter and improve composition that is conducive to high biocrude yields. 

6.2 Contributions 

The contributions are as follows: 

❖ First model of the effects of unpiling on moisture content and biocrude 
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production: While models have been created to calculate diffusion of moisture 

throughout a stationary pile, no model or attempt has been made to calculate the 

effects of dynamic unpiling of feedstock. Furthermore, no previous models have 

modeled dry matter loss. The difference between moisture content for LIFO and FIFO 

unpiling can be up to 35%, which impacts the process yield and minimum fuel selling 

price (MFSP). 

❖ Only study to consider detailed cost analysis for multiple locations and facility 

sizes in diverse areas: Most hydrothermal liquefaction (HTL) studies emphasize the 

chemical process rather than cost. Those that do estimate minimum fuel selling price 

(MFSP) often rely on generalized averages rather than location-specific data. 

Additionally, many assume a single facility size. Studies that do incorporate location 

tend to focus on only one, rather than comparing across multiple regions. For example, 

the average difference in MFSP between Iowa and Maryland facilities with the same 

supply radius, unpiling technique, and facility size was 80%. 

❖ Only study to dynamically model a biofuel process: All existing work assumes a 

constant biocrude process with constant properties such as composition and moisture 

content. Some will vary properties as part of a sensitivity analysis, but never as part 

of an ongoing process where feedstock quality and properties change over time. For 

example, drying even 10% of the process intake for a single day can reduce the 

minimum fuel selling price by 33%. 

❖ First study that models feedstock delivery contracts in relation to biofuel 

production: All previous studies assume that feedstock will be available with the 
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exact quantity needed at the exact time. In reality, feedstock availability ebbs and 

flows. Few studies have incorporated storage needs and still assume that feedstock 

will be available as necessary. No study has looked at multiple contract structures with 

a feedstock supplier. The addition of contracts can reduce the minimum fuel selling 

price by 18% when contracts are assessed daily (for a lower limit of 500 tons and an 

upper limit of 600 tons of a 500 wet ton per day facility located in Oregon). However, 

poorly managed contracts can also increase the minimum fuel selling price if the upper 

limit is too low. 

6.3 Future Considerations 

There are several components of this project that can and should be improved in future 

iterations of this project. 

6.3.1 Piling Model 

The piling model made several generalizations or inferences that can be improved upon. 

This includes temperature and relative humidity assumptions and assumptions on the properties of 

the feedstock. 

The temperature and relative humidity used in this dissertation used weather data from the 

year 2021 for each of the three locations. While this reflects real weather conditions, it does not 

account for fluctuations year-to-year, or the escalating impacts of global warming. Using a more 

diverse set of weather data by capturing several years could improve piling model results. 
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Furthermore, the temperature used in the drying rate relation from Ahmadinia et al. (2022) 

(Equation (3.4) from Chapter 3) required the use of pile temperature as opposed to ambient 

temperature. This equation, stated in Chapter 3, is: 

Estimating pile temperatures is currently varied and imprecise. Ahmadinia et al. saw pile 

temperatures follow ambient temperature with a delay of a few days and found that eventually 

temperatures remained about 10C higher. Anerud & Ericksson (2021) tested woodchips and bark 

piles and found that uncovered piles could reach temperatures as high as 60°C above ambient; this 

high difference reduces significantly with storage management such as coverings or protective 

walls. Due to the dynamic nature of the piles however, assuming ambient temperature was a 

reasonable assumption. This assumption should be tested if possible. 

The drying rate relation (Equation (3.4) from Chapter 3) also used parameters (b) that were 

determined experimentally. The values published in Ahmadenia et al. (2022) were those used for 

this dissertation. Future experimentation should be done to determine a wide variety of b values 

for different feedstock types. 

6.3.2 HTL Model 

The HTL model used in this dissertation is a statistical model based on Knorr et al. (2013). 

While this model is suitable for this study, improvements can and should be made. An Aspen Plus 

model is currently under development to replace the statistical model. This Aspen Plus model can 

be used to investigate how biomass properties, such as different yields, composition, or particle 

𝑘 = 𝑏0 + 𝑏1𝑇 + 𝑏2𝑅𝐻 + 𝑏3𝑇
2 + 𝑏4𝑅𝐻

2  + 𝑏5𝑇𝑅𝐻 + 𝑏6𝑇
2𝑅𝐻 

+ 𝑏7𝑇𝑅𝐻
2  + 𝑏8𝑇

2𝑅𝐻2 
Eq. (3.4) 
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size, could affect products and byproducts. Unfortunately, Aspen Plus does not have the capability 

to accept dynamic results and thus a parametric model would need to be built. 

Additionally, Aspen Plus could add in inefficiencies such as losses due to grinding or 

delivery. These are not included in the current pile or HTL model. 

6.3.3 Cost Model 

The cost model made some assumptions that could be more detailed in future analysis. 

Storage costs are not considered in the cost model. The only cost related to storage would 

be the footprint of the facility as space would need to be made; this model assumes the pile is 

uncovered and unprotective, thus the only cost would be area. Eisenbies et al. (2016) estimated the 

volumes of the studied piles using various geometries and found that the estimates varied greatly. 

The area needed for large quantities of feedstock is also not widely published on. A single facility 

footprint was found for the Chuntoh Ghuna biofuel facility, which reportedly uses twenty acres of 

land to process 100,000 dry tons of feedstock per year (Arbios Biotech, 2024). How much of this 

land is used for feedstock storage is unknown, but published literature suggests that two weeks’ 

worth of storage is standard (Knorr et al., 2013; Kumar et al., 2022). Two weeks of storage was 

assumed and a linear footprint was used to determine the amount of area a facility may need. More 

data is needed here to improve footprint and storage estimates for more accurate cost analysis. 

Furthermore, transportation estimates could be improved. While average estimates have 

been used for many current studies, including in the GREET model developed by Argonne 

National Laboratory, a couple of studies have shown that inclusion of a wandering, winding, or 

tortuosity factor could change the distribution of distances needed to travel, as feedstock comes 
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from multiple locations (Leboreiro & Hilaly, 2011). Leboreiro & Hilaly found that the inclusion 

of a winding factor increased the number of shorter trips and transportation costs. Shahabuddin et 

al. (2023) found that feedstock delivery can increase the cost of biocrude by $1.00 – $1.45 per 

gallon of gas equivalent (GGE). Thus, improvement in transportation costs is necessary. In 

addition, while transportation costs were considered for feedstock and waste disposal, it was not 

considered for catalysts, solvents, products, or byproducts. 

6.3.4 Contracting 

Contracts analyzed in this dissertation are for feedstock supply; further contracts could be 

explored, such as catalyst or solvent supply, various disposal contracts, contracts to keep 

equipment in working order, or contracts on the end for sale of biocrude or byproducts. 

6.3.5 Environmental & Policy Impact 

Policy, environmental effects, and energy security all affect the minimum fuel selling price 

(MFSP). 

Policy can dictate grants, tax benefits, and cap-and-trade. For example, renewable 

identification numbers (RINs) can be sold and bought much like the carbon emission trading. 

Refineries have a quota of biocrude versus crude oil that must be refined; RINs are used to track 

biocrude refined. If a refinery has met their quota, they can sell the surplus of RINs; on the 

contrary, if a refinery has not met their quota, they can buy RINs to avoid associated penalties. 

These associated costs could increase or decrease the MFSP. 

Environmental impacts must also be considered. A GREET analysis should be completed 

to determine the impact of carbon emissions due to transportation, dry matter loss, and facility 
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functions. Carbon emission taxes, lawsuits from negative health outcomes due to air pollution, the 

cost of considering electric or alternative transportation over traditional vehicles, or other costs 

must be considered and could affect the MFSP. 

 The costs associated with energy security are also important to consider. Current oil prices 

could change and are extremely volatile. In 2022, Russia cut off gas to Germany via Ukraine. In 

2025, concerns arose that Iran might block the Strait of Hormuz, which nearly 20% of worldwide 

oil pass through (Czachor, 2025), causing energy prices to increase. By taking steps to ensure 

energy security, prices can withstand global events and become more stable. 
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Appendix A 

Appendix A includes tables for species-based moisture content, geospatial tree species 

data, weighted moisture content, tree species and moisture content variation, and product and 

byproduct data used to determine literature based HTL biocrude outputs. 

Moisture Content Data from Glass and Zelinka (2021) 

Tree Species 

MC 

Heartwood 

(Dry Basis) 

MC 

Sapwood 

(Dry Basis) 

MC 

Heartwood 

(Wet Basis) 

MC 

Sapwood 

(Wet Basis) 

Alder, red  - 97   0.492 

Apple 81 74 0.448 0.425 

Ash, black 95 - 0.487   

Ash, green  - 58   0.367 

Ash, white  46 44 0.315 0.306 

Aspen  95 113 0.487 0.531 

Baldcypress  121 171 0.548 0.631 

Basswood, American  81 133 0.448 0.571 

Beech, American  55 72 0.355 0.419 

Birch, paper  89 72 0.471 0.419 

Birch, sweet  75 70 0.429 0.412 

Birch, yellow  74 72 0.425 0.419 

Cedar, eastern red  33 - 0.248   

Cedar, incense  40 213 0.286 0.681 

Cedar, Port-Orford  50 98 0.333 0.495 

Cedar, western red  58 249 0.367 0.713 

Cedar, yellow  32 166 0.242 0.624 

Cherry, black   58 - 0.367   

Chestnut, American   120 - 0.545   

Cottonwood  162 146 0.618 0.593 

Douglas-fir, coast type   37 115 0.270 0.535 

Elm, American  95 92 0.487 0.479 

Elm, cedar  66 61 0.398 0.379 

Elm, rock  44 57 0.306 0.363 

Fir, balsam  88 173 0.468 0.634 

Fir, grand  91 136 0.476 0.576 

Fir, noble  34 115 0.254 0.535 
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Fir, Pacific silver  55 164 0.355 0.621 

Fir, white  98 160 0.495 0.615 

Hackberry   61 65 0.379 0.394 

Hemlock, eastern  97 119 0.492 0.543 

Hemlock, western  85 170 0.459 0.630 

Hickory, bitternut  80 54 0.444 0.351 

Hickory, mockernut  70 52 0.412 0.342 

Hickory, pignut  71 49 0.415 0.329 

Hickory, red  69 52 0.408 0.342 

Hickory, sand  68 50 0.405 0.333 

Hickory, water  97 62 0.492 0.383 

Larch, western  54 119 0.351 0.543 

Magnolia  80 104 0.444 0.510 

Maple, silver  58 97 0.367 0.492 

Maple, sugar  65 72 0.394 0.419 

Oak, California black  76 75 0.432 0.429 

Oak, northern red  80 69 0.444 0.408 

Oak, southern red  83 75 0.454 0.429 

Oak, water  81 81 0.448 0.448 

Oak, white  64 78 0.390 0.438 

Oak, willow  82 74 0.451 0.425 

Pine, loblolly  33 110 0.248 0.524 

Pine, lodgepole  41 120 0.291 0.545 

Pine, longleaf  31 106 0.237 0.515 

Pine, ponderosa  40 148 0.286 0.597 

Pine, red  32 134 0.242 0.573 

Pine, shortleaf  32 122 0.242 0.550 

Pine, sugar  98 219 0.495 0.687 

Pine, western white  62 148 0.383 0.597 

Redwood, old growth  86 210 0.462 0.677 

Spruce, black  52 113 0.342 0.531 

Spruce, Engelmann  51 173 0.338 0.634 

Spruce, Sitka  41 142 0.291 0.587 

Sweetgum  79 137 0.441 0.578 

Sycamore, American  114 130 0.533 0.565 

Tamarack  49 - 0.329  - 

Tupelo, black  87 115 0.465 0.535 

Tupelo, swamp  101 108 0.502 0.519 

Tupelo, water  150 116 0.600 0.537 

Walnut, black  90 73 0.474 0.422 

Yellow-poplar  83 106 0.454 0.515 
Table A1: Data from Glass & Zelinka (2021) converted from dry basis to wet basis. 
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Oregon Tree & Moisture Content Data 

Tree Species 
Number of 

trees in OR 
% in OR 

Closest Approx 

(to Glass & Zelinka, 

2021) 

Whitebark pine (Pinus albicaulis) 28,047,889 2.65E-03 Pine 

Knobcone pine (Pinus attenuata) 3,314,380 3.14E-04 Pine 

Lodgepole pine (Pinus contorta) 1,877,464,701 1.78E-01 Pine, lodgepole  

Pacific silver fir (Abies amabilis) 300,301,323 2.84E-02 Fir 

Jeffrey pine (Pinus jeffreyi) 8,687,411 8.22E-04 Pine 

Sugar pine (Pinus lambertiana) 30,506,737 2.89E-03 Pine, sugar  

Western white pine (Pinus 
monticola) 

39,326,398 3.72E-03 Pine, western white  

Ponderosa pine (Pinus ponderosa) 1,035,923,556 9.80E-02 Pine, ponderosa  

Scotch pine (Pinus sylvestris) 311,527 2.95E-05 Pine 

White fir (Abies concolor) 395,258,081 3.74E-02 Fir, white  

Grand fir (Abies grandis) 620,403,620 5.87E-02 Fir, grand  

Subalpine fir (Abies lasiocarpa) 181,023,066 1.71E-02 Fir 

California red fir (Abies magnifica) 7,719,889 7.30E-04 Fir 

Douglas-fir (Pseudotsuga menziesii) 2,413,344,121 2.28E-01 Douglas-fir, coast type   

Shasta red fir (Abies shastensis) 91,090,990 8.62E-03 Fir 

Redwood (Sequoia sempervirens) 606,150 5.73E-05 Redwood, old growth  

Giant sequoia (Sequoiadendron 

giganteum) 
532,238 5.03E-05 Redwood, old growth  

Noble fir (Abies procera) 48,602,524 4.60E-03 Fir, noble  

Pacific yew (Taxus brevifolia) 42,805,665 4.05E-03 Total Average 

Western redcedar (Thuja plicata) 141,019,000 1.33E-02 Cedar, western red  

Western hemlock (Tsuga 

heterophylla) 
628,824,609 5.95E-02 Hemlock, western  

Mountain hemlock (Tsuga 

mertensiana) 
299,877,904 2.84E-02 Hemlock 

Port-Orford-cedar (Chamaecyparis 
lawsoniana) 

23,613,119 2.23E-03 Cedar, Port-Orford  

Alaska yellow-cedar 
(Chamaecyparis nootkatensis) 

4,472,386 4.23E-04 Cedar, yellow  

Western juniper (Juniperus 

occidentalis) 
273,880,714 2.59E-02 Total Average 

Rocky Mountain juniper (Juniperus 

scopulorum) 
60,948 5.77E-06 Total Average 

Western larch (Larix occidentalis) 97,309,803 9.20E-03 Larch, western  

Incense-cedar (Calocedrus 

decurrens) 
147,636,627 1.40E-02 Cedar, incense  

Brewer spruce (Picea breweriana) 66,877 6.33E-06 Spruce 
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Engelmann spruce (Picea 
engelmannii) 

86,538,688 8.19E-03 Spruce, Engelmann  

Sitka spruce (Picea sitchensis) 29,800,163 2.82E-03 Spruce, Sitka  

Bigleaf maple (Acer macrophyllum) 180,938,904 1.71E-02 Maple 

Norway maple (Acer platanoides) 23,656 2.24E-06 Maple 

Red alder (Alnus rubra) 254,526,769 2.41E-02 Alder, red  

White alder (Alnus rhombifolia) 2,525,558 2.39E-04 Alder, red  

Pacific madrone (Arbutus 
menziesii) 

186,571,554 1.76E-02 Total Average 

Water birch (Betula occidentalis) 320,064 3.03E-05 Birch 

Paper birch (Betula papyrifera) 43,810 4.14E-06 Birch, paper  

Giant chinkapin, golden chinkapin 

(Chrysolepis chrysophylla) 
138,261,691 1.31E-02 Total Average 

Pacific dogwood (Cornus nuttallii) 25,965,507 2.46E-03 Total Average 

Oregon ash (Fraxinus latifolia) 31,880,675 3.02E-03 Ash 

Tanoak (Lithocarpus densiflorus) 401,609,841 3.80E-02 Total Average 

Oregon crab apple (Malus fusca) 223,118 2.11E-05 Apple 

Japanese flowering cherry (Prunus 
serrulata) 

44,935 4.25E-06 Cherry, black   

English holly (Ilex aquifolium) 559,748 5.29E-05 Total Average 

Quaking aspen (Populus 
tremuloides) 

36,404,240 3.44E-03 Aspen  

Black cottonwood (Populus 
balsamifera) 

3,931,539 3.72E-04 Cottonwood  

Chokecherry (Prunus virginiana) 20,596,665 1.95E-03 Cherry, black   

Bitter cherry (Prunus emarginata) 64,276,709 6.08E-03 Cherry, black   

Sweet cherry (Prunus avium) 3,799,697 3.59E-04 Cherry, black   

Canyon live oak (Quercus 
chrysolepis) 

134,820,921 1.28E-02 Oak 

Oregon white oak (Quercus 

garryana) 
119,905,405 1.13E-02 Oak, white  

California black oak (Quercus 

kelloggii) 
48,126,527 4.55E-03 Oak, California black  

Black locust (Robinia pseudoacacia) 715,790 6.77E-05 Total Average 

Black willow (Salix nigra) 35,315 3.34E-06 Total Average 

California laurel (Umbellularia 
californica) 

57,310,850 5.42E-03 Total Average 

Table A2: List of tree species and population in Oregon as informed by the U.S. Forest inventory and analysis database. 
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Tree Species 

Moisture 

Content 

(Wet Basis) 

Weighted MC 

Whitebark pine (Pinus albicaulis) 0.573 1.52E-03 

Knobcone pine (Pinus attenuata) 0.573 1.80E-04 

Lodgepole pine (Pinus contorta) 0.545 9.69E-02 

Pacific silver fir (Abies amabilis) 0.596 1.69E-02 

Jeffrey pine (Pinus jeffreyi) 0.573 4.71E-04 

Sugar pine (Pinus lambertiana) 0.687 1.98E-03 

Western white pine (Pinus monticola) 0.597 2.22E-03 

Ponderosa pine (Pinus ponderosa) 0.597 5.85E-02 

Scotch pine (Pinus sylvestris) 0.573 1.69E-05 

White fir (Abies concolor) 0.615 2.30E-02 

Grand fir (Abies grandis) 0.576 3.38E-02 

Subalpine fir (Abies lasiocarpa) 0.596 1.02E-02 

California red fir (Abies magnifica) 0.596 4.35E-04 

Douglas-fir (Pseudotsuga menziesii) 0.535 1.22E-01 

Shasta red fir (Abies shastensis) 0.596 5.14E-03 

Redwood (Sequoia sempervirens) 0.677 3.88E-05 

Giant sequoia (Sequoiadendron giganteum) 0.677 3.41E-05 

Noble fir (Abies procera) 0.535 2.46E-03 

Pacific yew (Taxus brevifolia) 0.503 2.04E-03 

Western redcedar (Thuja plicata) 0.713 9.52E-03 

Western hemlock (Tsuga heterophylla) 0.630 3.75E-02 

Mountain hemlock (Tsuga mertensiana) 0.587 1.66E-02 

Port-Orford-cedar (Chamaecyparis lawsoniana) 0.495 1.11E-03 

Alaska yellow-cedar (Chamaecyparis nootkatensis) 0.624 2.64E-04 

Western juniper (Juniperus occidentalis) 0.503 1.30E-02 

Rocky Mountain juniper (Juniperus scopulorum) 0.503 2.90E-06 

Western larch (Larix occidentalis) 0.543 5.00E-03 

Incense-cedar (Calocedrus decurrens) 0.681 9.50E-03 

Brewer spruce (Picea breweriana) 0.584 3.69E-06 

Engelmann spruce (Picea engelmannii) 0.634 5.19E-03 

Sitka spruce (Picea sitchensis) 0.587 1.65E-03 

Bigleaf maple (Acer macrophyllum) 0.455 7.80E-03 

Norway maple (Acer platanoides) 0.455 1.02E-06 

Red alder (Alnus rubra) 0.492 1.19E-02 

White alder (Alnus rhombifolia) 0.492 1.18E-04 

Pacific madrone (Arbutus menziesii) 0.503 8.88E-03 

Water birch (Betula occidentalis) 0.416 1.26E-05 

Paper birch (Betula papyrifera) 0.419 1.73E-06 

Giant chinkapin, golden chinkapin (Chrysolepis 

chrysophylla) 
0.503 6.58E-03 



139 

 

Pacific dogwood (Cornus nuttallii) 0.503 1.24E-03 

Oregon ash (Fraxinus latifolia) 0.336 1.01E-03 

Tanoak (Lithocarpus densiflorus) 0.503 1.91E-02 

Oregon crab apple (Malus fusca) 0.425 8.98E-06 

Japanese flowering cherry (Prunus serrulata)  0.367 1.56E-06 

English holly (Ilex aquifolium) 0.503 2.66E-05 

Quaking aspen (Populus tremuloides) 0.531 1.83E-03 

Black cottonwood (Populus balsamifera) 0.593 2.21E-04 

Chokecherry (Prunus virginiana) 0.367 7.15E-04 

Bitter cherry (Prunus emarginata) 0.367 2.23E-03 

Sweet cherry (Prunus avium) 0.367 1.32E-04 

Canyon live oak (Quercus chrysolepis) 0.429 5.48E-03 

Oregon white oak (Quercus garryana) 0.438 4.97E-03 

California black oak (Quercus kelloggii) 0.429 1.95E-03 

Black locust (Robinia pseudoacacia) 0.503 3.41E-05 

Black willow (Salix nigra) 0.503 1.68E-06 

California laurel (Umbellularia californica) 0.503 2.73E-03 
Table A3: Moisture content used for each tree species and the weighted moisture content in Oregon. 

Tree Species 

Sampling 

Error 

(95%) 

Standard 

Error 

Proportion 

Sampling 

Error 

Variance 

Whitebark pine (Pinus 
albicaulis) 

37.793 10600060 1.01E-06 3.32E-07 

Knobcone pine (Pinus 

attenuata) 
75.750 2510646 5.65E-08 1.86E-08 

Lodgepole pine (Pinus 

contorta) 
9.896 185794658 3.31E-04 9.84E-05 

Pacific silver fir (Abies 

amabilis) 
16.064 48240885 2.14E-05 7.60E-06 

Jeffrey pine (Pinus jeffreyi) 58.322 5066651 2.30E-07 7.56E-08 

Sugar pine (Pinus lambertiana) 31.632 9650025 8.39E-07 3.95E-07 

Western white pine (Pinus 
monticola) 

21.391 8412483 6.43E-07 2.29E-07 

Ponderosa pine (Pinus 

ponderosa) 
5.900 61115346 4.01E-05 1.43E-05 

Scotch pine (Pinus sylvestris) 161.986 504631 2.28E-09 7.49E-10 

White fir (Abies concolor) 10.888 43034909 1.75E-05 6.64E-06 

Grand fir (Abies grandis) 8.651 53673847 2.82E-05 9.35E-06 

Subalpine fir (Abies 

lasiocarpa) 
22.089 39986547 1.45E-05 5.16E-06 

California red fir (Abies 

magnifica) 
128.717 9936819 8.84E-07 3.14E-07 
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Douglas-fir (Pseudotsuga 
menziesii) 

3.763 90818966 1.10E-04 3.15E-05 

Shasta red fir (Abies 
shastensis) 

26.629 24256219 5.32E-06 1.89E-06 

Redwood (Sequoia 

sempervirens) 
120.172 728419.67 4.75E-09 2.18E-09 

Giant sequoia 

(Sequoiadendron giganteum) 
144.076 766826 5.26E-09 2.42E-09 

Noble fir (Abies procera) 24.580 11946675 1.29E-06 3.70E-07 

Pacific yew (Taxus brevifolia) 31.164 13339957 1.60E-06 4.06E-07 

Western redcedar (Thuja 
plicata) 

15.811 22296965 4.57E-06 2.33E-06 

Western hemlock (Tsuga 
heterophylla) 

9.1454 57508274 3.21E-05 1.27E-05 

Mountain hemlock (Tsuga 

mertensiana) 
15.263 45768925 1.93E-05 6.64E-06 

Port-Orford-cedar 

(Chamaecyparis lawsoniana) 
32.777 7739691 5.39E-07 1.32E-07 

Alaska yellow-cedar 

(Chamaecyparis nootkatensis) 
152.545 6822394 4.17E-07 1.62E-07 

Western juniper (Juniperus 
occidentalis) 

11.964 32766650 1.01E-05 2.55E-06 

Rocky Mountain juniper 
(Juniperus scopulorum) 

216.135 131730 1.55E-10 3.93E-11 

Western larch (Larix 

occidentalis) 
20.135 19593407 3.49E-06 1.03E-06 

Incense-cedar (Calocedrus 

decurrens) 
16.813 24821969 5.65E-06 2.62E-06 

Brewer spruce (Picea 

breweriana) 
184.779 123575 1.37E-10 4.66E-11 

Engelmann spruce (Picea 
engelmannii) 

18.336 15867561 2.30E-06 9.23E-07 

Sitka spruce (Picea sitchensis) 31.727 9454555 8.05E-07 2.77E-07 

Bigleaf maple (Acer 

macrophyllum) 
21.270 38485560 1.35E-05 2.79E-06 

Norway maple (Acer 
platanoides) 

246.258 58255 3.04E-11 6.30E-12 

Red alder (Alnus rubra) 12.654 32207206 9.68E-06 2.35E-06 

White alder (Alnus 

rhombifolia) 
156.633 3955867 1.40E-07 3.40E-08 

Pacific madrone (Arbutus 
menziesii) 

18.026 33631612 1.03E-05 2.62E-06 

Water birch (Betula 
occidentalis) 

127.972 409593 1.50E-09 2.60E-10 
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Paper birch (Betula papyrifera) 202.388 88666 7.04E-11 1.23E-11 

Giant chinkapin, golden 

chinkapin (Chrysolepis 
chrysophylla) 

21.764 30091053 8.22E-06 2.08E-06 

Pacific dogwood (Cornus 

nuttallii) 
34.378 8926526 7.17E-07 1.82E-07 

Oregon ash (Fraxinus latifolia) 49.316 15722133 2.22E-06 2.51E-07 

Tanoak (Lithocarpus 
densiflorus) 

20.337 81675233 6.07E-05 1.54E-05 

Oregon crab apple (Malus 

fusca) 
92.600 206608 3.82E-10 6.91E-11 

Japanese flowering cherry 

(Prunus serrulata) 
177.417 79722 5.69E-11 7.66E-12 

English holly (Ilex aquifolium) 177.417 993089 8.83E-09 2.24E-09 

Quaking aspen (Populus 

tremuloides) 
60.521 22032166 4.35E-06 1.22E-06 

Black cottonwood (Populus 

balsamifera) 
75.717 2976834 7.94E-08 2.80E-08 

Chokecherry (Prunus 

virginiana) 
78.510 16170392 2.34E-06 3.16E-07 

Bitter cherry (Prunus 
emarginata) 

39.243 25224186 5.72E-06 7.71E-07 

Sweet cherry (Prunus avium) 64.339 2444686 5.36E-08 7.22E-09 

Canyon live oak (Quercus 

chrysolepis) 
29.055 39172273 1.38E-05 2.55E-06 

Oregon white oak (Quercus 
garryana) 

25.968 31137084 8.76E-06 1.68E-06 

California black oak (Quercus 
kelloggii) 

29.741 14313330 1.85E-06 3.39E-07 

Black locust (Robinia 

pseudoacacia) 
127.312 911285 7.43E-09 1.88E-09 

Black willow (Salix nigra) 197.252 69660 4.34E-11 1.10E-11 

California laurel (Umbellularia 
californica) 

36.274 20788777 3.89E-06 9.85E-07 

Table A4: Calculations to find variance of tree species in Oregon and thus moisture content. 
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Iowa Tree & Moisture Content Data 

Tree Species 
Number of 

trees in IA 
% in IA 

Closest Approx 

(to Glass & Zelinka, 

2021) 

Eastern white pine (Pinus strobus) 41,315 4.14E-05 Pine, western white 

Scotch pine (Pinus sylvestris) 447,740 4.48E-04 Pine 

Eastern redcedar (Juniperus 

virginiana) 
46,126,203 4.62E-02 Cedar, eastern red 

Blue spruce (Picea pungens) 41,315 4.14E-05 Spruce 

Boxelder (Acer negundo) 30,709,041 3.07E-02 Maple 

Black maple (Acer nigrum) 10,497,278 1.05E-02 Maple 

Silver maple (Acer saccharinum) 21,924,635 2.19E-02 Maple, silver 

Sugar maple (Acer saccharum) 28,994,352 2.90E-02 Maple, sugar 

Ohio buckeye (Aesculus glabra) 11,528,149 1.15E-02 Total Average 

Ailanthus (Ailanthus altissima) 41,582 4.16E-05 Total Average 

Serviceberry spp. (Amelanchier 
spp.) 

1,442,399 1.44E-03 Total Average 

River birch (Betula nigra) 2,023,185 2.03E-03 Birch 

Paper birch (Betula papyrifera) 1,016,316 1.02E-03 Birch, paper 

American hornbeam, musclewood 

(Carpinus caroliniana) 
9,452,533 9.46E-03 Total Average 

Bitternut hickory (Carya 

cordiformis) 
32,014,865 3.20E-02 Hickory, bitternut 

Pignut hickory (Carya glabra) 964,307 9.65E-04 Hickory, pignut 

Shagbark hickory (Carya ovata) 45,277,823 4.53E-02 Hickory 

Mockernut hickory (Carya alba) 2,219,645 2.22E-03 Hickory, mockernut 

Hackberry (Celtis occidentalis) 93,454,058 9.35E-02 Hackberry 

Eastern redbud (Cercis canadensis) 1,007,195 1.01E-03 Total Average 

Hawthorn spp. (Crataegus spp.) 7,447,308 7.45E-03 Total Average 

White ash (Fraxinus americana) 20,946,641 2.10E-02 Ash, white 

Black ash (Fraxinus nigra) 5,409,970 5.41E-03 Ash, black 

Green ash (Fraxinus pennsylvanica) 30,110,337 3.01E-02 Ash, green 

Honeylocust (Gleditsia triacanthos) 16,483,083 1.65E-02 Total Average 

Kentucky coffeetree (Gymnocladus 

dioicus) 
117,682 1.18E-04 Total Average 

Black walnut (Juglans nigra) 47,507,480 4.76E-02 Walnut, black 

Osage-orange (Maclura pomifera) 22,570,967 2.26E-02 Total Average 

Apple spp. (Malus spp.) 1,925,257 1.93E-03 Apple 

Roughleaf dogwood (Cornus 

drummondii) 
5,515,446 5.52E-03 Total Average 

White mulberry (Morus alba) 35,568,286 3.56E-02 Total Average 

Red mulberry (Morus rubra) 20,814,353 2.08E-02 Total Average 
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Common buckthorn (Rhamnus 
cathartica) 

2,582,918 2.59E-03 Total Average 

Eastern hophornbeam (Ostrya 
virginiana) 

78,994,497 7.91E-02 Total Average 

American sycamore (Platanus 

occidentalis) 
1,690,131 1.69E-03 Sycamore, American 

Eastern cottonwood (Populus 

deltoides) 
13,390,526 1.34E-02 Cottonwood 

Bigtooth aspen (Populus 

grandidentata) 
1,223,113 1.22E-03 Aspen 

Quaking aspen (Populus 
tremuloides) 

495,458 4.96E-04 Aspen 

Black cherry (Prunus serotina) 34,031,706 3.41E-02 Cherry, black 

Chokecherry (Prunus virginiana) 5,621,330 5.63E-03 Cherry, black 

American plum (Prunus americana) 11,094,658 1.11E-02 Cherry, black 

White oak (Quercus alba) 18,986,413 1.90E-02 Oak, white 

Swamp white oak (Quercus bicolor) 1,273,820 1.27E-03 Oak, white 

Northern pin oak (Quercus 
ellipsoidalis) 

1,493,993 1.50E-03 Oak 

Shingle oak (Quercus imbricaria) 20,676,714 2.07E-02 Oak 

Bur oak (Quercus macrocarpa) 26,639,118 2.67E-02 Oak 

Chinkapin oak (Quercus 

muehlenbergii) 
764,133 7.65E-04 Oak 

Pin oak (Quercus palustris) 2,207,754 2.21E-03 Oak 

Northern red oak (Quercus rubra) 13,836,996 1.38E-02 Oak, northern red 

Post oak (Quercus stellata) 207,909 2.08E-04 Oak 

Black oak (Quercus velutina) 7,856,259 7.86E-03 Oak 

Common pear (Pyrus communis) 289,206 2.89E-04 Total Average 

Sawtooth oak (Quercus acutissima) 306,476 3.07E-04 Oak 

Black locust (Robinia pseudoacacia) 18,948,111 1.90E-02 Total Average 

Willow spp. (Salix spp.) 83,164 8.32E-05 Total Average 

Black willow (Salix nigra) 14,673,694 1.47E-02 Total Average 

American basswood (Tilia 
americana) 

27,656,410 2.77E-02 Basswood, American 

American elm (Ulmus americana) 99,301,630 9.94E-02 Elm, American 

Siberian elm (Ulmus pumila) 5,810,574 5.82E-03 Elm 

Slippery elm (Ulmus rubra) 35,325,405 3.54E-02 Elm 
Table A5: List of tree species and population in Iowa as informed by the U.S. Forest inventory and analysis database. 

Tree Species 

Moisture 

Content 

(Wet Basis) 

Weighted MC 

Eastern white pine (Pinus strobus) 0.597 2.47E-05 

Scotch pine (Pinus sylvestris) 0.573 2.57E-04 
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Eastern redcedar (Juniperus virginiana) 0.248 1.15E-02 

Blue spruce (Picea pungens) 0.584 2.41E-05 

Boxelder (Acer negundo) 0.455 1.40E-02 

Black maple (Acer nigrum) 0.455 4.79E-03 

Silver maple (Acer saccharinum) 0.492 1.08E-02 

Sugar maple (Acer saccharum) 0.419 1.21E-02 

Ohio buckeye (Aesculus glabra) 0.503 5.81E-03 

Ailanthus (Ailanthus altissima) 0.503 2.09E-05 

Serviceberry spp. (Amelanchier spp.) 0.503 7.27E-04 

River birch (Betula nigra) 0.416 8.43E-04 

Paper birch (Betula papyrifera) 0.419 4.26E-04 

American hornbeam, musclewood (Carpinus 

caroliniana) 
0.503 4.76E-03 

Bitternut hickory (Carya cordiformis) 0.351 1.12E-02 

Pignut hickory (Carya glabra) 0.329 3.17E-04 

Shagbark hickory (Carya ovata) 0.347 1.57E-02 

Mockernut hickory (Carya alba) 0.342 7.60E-04 

Hackberry (Celtis occidentalis) 0.394 3.68E-02 

Eastern redbud (Cercis canadensis) 0.503 5.07E-04 

Hawthorn spp. (Crataegus spp.) 0.503 3.75E-03 

White ash (Fraxinus americana) 0.306 6.41E-03 

Black ash (Fraxinus nigra) 0.487 2.64E-03 

Green ash (Fraxinus pennsylvanica) 0.367 1.11E-02 

Honeylocust (Gleditsia triacanthos) 0.503 8.30E-03 

Kentucky coffeetree (Gymnocladus dioicus) 0.503 5.93E-05 

Black walnut (Juglans nigra) 0.422 2.01E-02 

Osage-orange (Maclura pomifera) 0.503 1.14E-02 

Apple spp. (Malus spp.) 0.425 8.20E-04 

Roughleaf dogwood (Cornus drummondii) 0.503 2.78E-03 

White mulberry (Morus alba) 0.503 1.79E-02 

Red mulberry (Morus rubra) 0.503 1.05E-02 

Common buckthorn (Rhamnus cathartica) 0.503 1.30E-03 

Eastern hophornbeam (Ostrya virginiana) 0.503 3.98E-02 

American sycamore (Platanus occidentalis) 0.565 9.56E-04 

Eastern cottonwood (Populus deltoides) 0.593 7.95E-03 

Bigtooth aspen (Populus grandidentata) 0.531 6.49E-04 

Quaking aspen (Populus tremuloides) 0.531 2.63E-04 

Black cherry (Prunus serotina) 0.367 1.25E-02 

Chokecherry (Prunus virginiana) 0.367 2.07E-03 

American plum (Prunus americana) 0.367 4.08E-03 

White oak (Quercus alba) 0.438 8.33E-03 

Swamp white oak (Quercus bicolor) 0.438 5.59E-04 

Northern pin oak (Quercus ellipsoidalis) 0.429 6.42E-04 
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Shingle oak (Quercus imbricaria) 0.429 8.89E-03 

Bur oak (Quercus macrocarpa) 0.429 1.14E-02 

Chinkapin oak (Quercus muehlenbergii) 0.429 3.28E-04 

Pin oak (Quercus palustris) 0.429 9.49E-04 

Northern red oak (Quercus rubra) 0.408 5.65E-03 

Post oak (Quercus stellata) 0.429 8.94E-05 

Black oak (Quercus velutina) 0.429 3.38E-03 

Common pear (Pyrus communis) 0.503 1.46E-04 

Sawtooth oak (Quercus acutissima) 0.429 1.32E-04 

Black locust (Robinia pseudoacacia) 0.503 9.54E-03 

Willow spp. (Salix spp.) 0.503 4.19E-05 

Black willow (Salix nigra) 0.503 7.39E-03 

American basswood (Tilia americana) 0.571 1.58E-02 

American elm (Ulmus americana) 0.479 4.76E-02 

Siberian elm (Ulmus pumila) 0.407 2.37E-03 

Slippery elm (Ulmus rubra) 0.407 1.44E-02 
Table A6: Moisture content used for each tree species and the weighted moisture content in Iowa. 

Tree Species 

Sampling 

Error 

(95%) 

Standard 

Error 

Proportion 

Sampling 

Error 

Variance 

Eastern white pine (Pinus 

strobus) 
185.508 76643 5.89E-09 2.10E-09 

Scotch pine (Pinus sylvestris) 139.250 623479 3.90E-07 1.28E-07 

Eastern redcedar (Juniperus 

virginiana) 
28.263 13036741 1.81E-04 1.11E-05 

Blue spruce (Picea pungens) 185.508 76643 5.89E-09 2.01E-09 

Boxelder (Acer negundo) 27.199 8352527 7.45E-05 1.55E-05 

Black maple (Acer nigrum) 65.376 6862679 4.77E-05 9.90E-06 

Silver maple (Acer 

saccharinum) 
45.068 9881047 1.00E-04 2.43E-05 

Sugar maple (Acer saccharum) 39.316 11399315 1.34E-04 2.35E-05 

Ohio buckeye (Aesculus 
glabra) 

63.400 7308860 5.42E-05 1.37E-05 

Ailanthus (Ailanthus altissima) 185.988 77338 6.00E-09 1.52E-09 

Serviceberry spp. 
(Amelanchier spp.) 

177.803 2564634 6.60E-06 1.67E-06 

River birch (Betula nigra) 128.492 2599625 6.79E-06 1.18E-06 

Paper birch (Betula papyrifera) 215.355 2188687 4.80E-06 8.42E-07 

American hornbeam, 

musclewood (Carpinus 
caroliniana) 

127.859 12085880 1.47E-04 3.72E-05 

Bitternut hickory (Carya 
cordiformis) 

29.006 9286245 9.14E-05 1.12E-05 
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Pignut hickory (Carya glabra) 193.956 1870329 3.51E-06 3.79E-07 

Shagbark hickory (Carya 

ovata) 
31.342 14191138 2.12E-04 2.54E-05 

Mockernut hickory (Carya 

alba) 
91.226 2024899 4.13E-06 4.84E-07 

Hackberry (Celtis occidentalis) 19.161 17906695 3.64E-04 5.65E-05 

Eastern redbud (Cercis 

canadensis) 
126.183 1270907 1.62E-06 4.11E-07 

Hawthorn spp. (Crataegus 

spp.) 
88.647 6601806 4.39E-05 1.11E-05 

White ash (Fraxinus 
americana) 

32.142 6732678 4.75E-05 4.44E-06 

Black ash (Fraxinus nigra) 82.816 4480314 2.03E-05 4.81E-06 

Green ash (Fraxinus 

pennsylvanica) 
40.872 12306661 1.56E-04 2.10E-05 

Honeylocust (Gleditsia 
triacanthos) 

35.437 5841077 3.55E-05 8.99E-06 

Kentucky coffeetree 
(Gymnocladus dioicus) 

109.164 128467 1.66E-08 4.20E-09 

Black walnut (Juglans nigra) 23.714 11265943 1.38E-04 2.46E-05 

Osage-orange (Maclura 
pomifera) 

60.721 13705272 1.91E-04 4.83E-05 

Apple spp. (Malus spp.) 151.038 2907862 8.49E-06 1.54E-06 

Roughleaf dogwood (Cornus 

drummondii) 
115.487 6369630 4.08E-05 1.03E-05 

White mulberry (Morus alba) 30.978 11018273 1.28E-04 3.24E-05 

Red mulberry (Morus rubra) 40.652 8461526 7.38E-05 1.87E-05 

Common buckthorn (Rhamnus 
cathartica) 

139.119 3593326 1.30E-05 3.28E-06 

Eastern hophornbeam (Ostrya 

virginiana) 
24.682 19497643 4.11E-04 1.04E-04 

American sycamore (Platanus 

occidentalis) 
130.442 2204639 4.88E-06 1.56E-06 

Eastern cottonwood (Populus 

deltoides) 
53.992 7229566 5.32E-05 1.88E-05 

Bigtooth aspen (Populus 
grandidentata) 

126.445 1546571 2.40E-06 6.76E-07 

Quaking aspen (Populus 
tremuloides) 

170.859 846535 7.19E-07 2.02E-07 

Black cherry (Prunus serotina) 28.935 9847237 1.03E-04 1.39E-05 

Chokecherry (Prunus 
virginiana) 

65.203 3665294 1.36E-05 1.83E-06 

American plum (Prunus 
americana) 

71.932 7980609 6.44E-05 8.68E-06 



147 

 

White oak (Quercus alba) 27.987 5313697 3.00E-05 5.77E-06 

Swamp white oak (Quercus 

bicolor) 
80.795 1029184 1.07E-06 2.05E-07 

Northern pin oak (Quercus 

ellipsoidalis) 
62.634 935744 8.88E-07 1.64E-07 

Shingle oak (Quercus 
imbricaria) 

52.467 10848501 1.20E-04 2.21E-05 

Bur oak (Quercus macrocarpa) 26.674 7105622 5.40E-05 9.96E-06 

Chinkapin oak (Quercus 

muehlenbergii) 
118.014 901781 8.18E-07 1.51E-07 

Pin oak (Quercus palustris) 110.587 2441492 6.00E-06 1.11E-06 

Northern red oak (Quercus 

rubra) 
33.187 4592045 2.21E-05 3.68E-06 

Post oak (Quercus stellata) 185.988 386687 1.50E-07 2.77E-08 

Black oak (Quercus velutina) 33.553 2636029 7.26E-06 1.34E-06 

Common pear (Pyrus 
communis) 

185.508 536501 2.89E-07 7.31E-08 

Sawtooth oak (Quercus 
acutissima) 

199.683 611980 3.76E-07 6.93E-08 

Black locust (Robinia 

pseudoacacia) 
60.646 11491332 1.34E-04 3.40E-05 

Willow spp. (Salix spp.) 185.988 154675 2.40E-08 6.08E-09 

Black willow (Salix nigra) 89.986 13204206 1.76E-04 4.45E-05 

American basswood (Tilia 

americana) 
35.147 9720321 9.84E-05 3.21E-05 

American elm (Ulmus 
americana) 

15.970 15858550 3.00E-04 6.89E-05 

Siberian elm (Ulmus pumila) 58.635 3407051 1.18E-05 1.95E-06 

Slippery elm (Ulmus rubra) 27.891 9852538 1.03E-04 1.71E-05 
Table A7:Calculations to find variance of tree species in Iowa and thus moisture content. 
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Maryland Tree & Moisture Content Data 

Tree Species 
Number of 

trees in MD 
% in MD 

Closest Approx 

(to Glass & Zelinka, 

2021) 

Shortleaf pine (Pinus echinata) 174,068 1.26E-04 Pine, shortleaf  

Table Mountain pine (Pinus 
pungens) 

31,239 2.25E-05 Pine 

Red pine (Pinus resinosa) 16,301,692 1.18E-02 Pine, red  

Pitch pine (Pinus rigida) 238,035 1.72E-04 Pine 

Eastern white pine (Pinus strobus) 3,661,648 2.64E-03 Pine, western white  

Scotch pine (Pinus sylvestris) 3,191,689 2.30E-03 Pine 

Loblolly pine (Pinus taeda) 173,924,277 1.25E-01 Pine, loblolly  

Virginia pine (Pinus virginiana) 11,225,640 8.10E-03 Pine 

Baldcypress (Taxodium distichum) 224,278 1.62E-04 Baldcypress  

Eastern hemlock (Tsuga canadensis) 2,451,099 1.77E-03 Hemlock, eastern  

Atlantic white-cedar 
(Chamaecyparis thyoides) 

391,814 2.83E-04 Cedar 

Eastern redcedar (Juniperus 
virginiana) 

7,651,561 5.52E-03 Cedar, eastern red  

Norway spruce (Picea abies) 1,887,768 1.36E-03 Spruce 

Boxelder (Acer negundo) 8,221,533 5.93E-03 Maple 

Striped maple (Acer pensylvanicum) 5,669,240 4.09E-03 Maple 

Red maple (Acer rubrum) 194,974,948 1.41E-01 Maple 

Silver maple (Acer saccharinum) 438,035 3.16E-04 Maple, silver  

Sugar maple (Acer saccharum) 22,230,571 1.60E-02 Maple, sugar  

Norway maple (Acer platanoides) 1,094,737 7.90E-04 Maple 

Ailanthus (Ailanthus altissima) 3,463,804 2.50E-03 Total Average 

Mimosa, silktree (Albizia 
julibrissin) 

56,730 4.09E-05 Total Average 

European alder (Alnus glutinosa) 776,769 5.60E-04 Alder, red  

Serviceberry spp. (Amelanchier 
spp.) 

12,966,490 9.35E-03 Total Average 

Pawpaw (Asimina triloba) 29,895,585 2.16E-02 Total Average 

Yellow birch (Betula alleghaniensis) 2,403,168 1.73E-03 Birch, yellow  

Sweet birch (Betula lenta) 26,696,941 1.93E-02 Birch, sweet  

River birch (Betula nigra) 245,754 1.77E-04 Birch 

American hornbeam, musclewood 

(Carpinus caroliniana) 
19,767,875 1.43E-02 Total Average 

Bitternut hickory (Carya 

cordiformis) 
2,672,155 1.93E-03 Hickory, bitternut  

Pignut hickory (Carya glabra) 16,134,190 1.16E-02 Hickory, pignut  

Shagbark hickory (Carya ovata) 6,175,027 4.46E-03 Hickory 
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Mockernut hickory (Carya alba) 14,487,860 1.05E-02 Hickory, mockernut  

Sand hickory (Carya pallida) 115,104 8.30E-05 Hickory, sand  

Hackberry (Celtis occidentalis) 3,692,238 2.66E-03 Hackberry   

Eastern redbud (Cercis canadensis) 7,857,601 5.67E-03 Total Average 

Flowering dogwood (Cornus florida) 6,192,224 4.47E-03 Total Average 

Hawthorn spp. (Crataegus spp.) 5,229,143 3.77E-03 Total Average 

Common persimmon (Diospyros 

virginiana) 
3,309,922 2.39E-03 Total Average 

American beech (Fagus grandifolia) 68,389,888 4.93E-02 Beech, American  

White ash (Fraxinus americana) 11,070,974 7.99E-03 Ash, white  

Green ash (Fraxinus pennsylvanica) 2,736,716 1.97E-03 Ash, green  

American holly (Ilex opaca) 151,150,237 1.09E-01 Total Average 

Black walnut (Juglans nigra) 4,483,603 3.23E-03 Walnut, black  

Sweetgum (Liquidambar styraciflua) 170,799,670 1.23E-01 Sweetgum  

Yellow-poplar (Liriodendron 

tulipifera) 
50,824,591 3.67E-02 Yellow-poplar  

Osage-orange (Maclura pomifera) 338,364 2.44E-04 Total Average 

Cucumbertree (Magnolia acuminata) 3,655,472 2.64E-03 Magnolia  

Sweetbay (Magnolia virginiana) 13,033,585 9.40E-03 Magnolia  

Apple spp. (Malus spp.) 3,000,535 2.16E-03 Apple 

White mulberry (Morus alba) 1,074,008 7.75E-04 Total Average 

Red mulberry (Morus rubra) 53,150 3.83E-05 Total Average 

Blackgum (Nyssa sylvatica) 84,462,115 6.09E-02 Total Average 

Eastern hophornbeam (Ostrya 

virginiana) 
4,302,770 3.10E-03 Total Average 

Paulownia, empress-tree (Paulownia 
tomentosa) 

53,150 3.83E-05 Total Average 

Redbay (Persea borbonia) 38,344 2.77E-05 Total Average 

American sycamore (Platanus 

occidentalis) 
3,459,134 2.50E-03 Sycamore, American  

Eastern cottonwood (Populus 
deltoides) 

139,279 1.00E-04 Cottonwood  

Bigtooth aspen (Populus 
grandidentata) 

279,796 2.02E-04 Aspen  

Quaking aspen (Populus 

tremuloides) 
113,459 8.19E-05 Aspen  

Pin cherry (Prunus pensylvanica) 307,774 2.22E-04 Cherry, black   

Black cherry (Prunus serotina) 36,039,408 2.60E-02 Cherry, black   

American plum (Prunus americana) 5,424,241 3.91E-03 Cherry, black   

Sweet cherry (Prunus avium) 53,150 3.83E-05 Cherry, black   

White oak (Quercus alba) 30,235,817 2.18E-02 Oak, white  

Swamp white oak (Quercus bicolor) 53,150 3.83E-05 Oak, white  

Scarlet oak (Quercus coccinea) 10,973,768 7.92E-03 Oak 
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Southern red oak (Quercus falcata) 10,719,127 7.73E-03 Oak, southern red  

Cherrybark oak (Quercus pagoda) 3,577,689 2.58E-03 Oak 

Scrub oak (Quercus ilicifolia) 1,524,850 1.10E-03 Oak 

Overcup oak (Quercus lyrata) 59,036 4.26E-05 Oak 

Swamp chestnut oak (Quercus 

michauxii) 
1,243,209 8.97E-04 Oak 

Water oak (Quercus nigra) 7,314,250 5.28E-03 Oak, water  

Pin oak (Quercus palustris) 1,635,709 1.18E-03 Oak 

Willow oak (Quercus phellos) 6,505,936 4.69E-03 Oak, willow  

Chestnut oak (Quercus prinus) 17,602,206 1.27E-02 Oak 

Northern red oak (Quercus rubra) 18,027,607 1.30E-02 Oak, northern red  

Post oak (Quercus stellata) 291,267 2.10E-04 Oak 

Black oak (Quercus velutina) 8,780,842 6.34E-03 Oak, California black  

Callery pear (Pyrus calleryana) 1,324,153 9.55E-04 Total Average 

Sawtooth oak (Quercus acutissima) 156,197 1.13E-04 Oak 

Black locust (Robinia pseudoacacia) 16,113,151 1.16E-02 Total Average 

Sassafras (Sassafras albidum) 12,793,472 9.23E-03 Total Average 

American basswood (Tilia 
americana) 

1,431,951 1.03E-03 Basswood, American  

American elm (Ulmus americana) 3,408,384 2.46E-03 Elm, American  

Slippery elm (Ulmus rubra) 884,558 6.38E-04 Elm 
Table A8: List of tree species and population in Maryland as informed by the U.S. Forest inventory and analysis database. 

Tree Species 

Moisture 

Content 

(Wet Basis) 

Weighted MC 

Shortleaf pine (Pinus echinata) 0.550 6.90E-05 

Table Mountain pine (Pinus pungens) 0.573 1.29E-05 

Red pine (Pinus resinosa) 0.573 6.74E-03 

Pitch pine (Pinus rigida) 0.573 9.84E-05 

Eastern white pine (Pinus strobus) 0.597 1.58E-03 

Scotch pine (Pinus sylvestris) 0.573 1.32E-03 

Loblolly pine (Pinus taeda) 0.524 6.57E-02 

Virginia pine (Pinus virginiana) 0.573 4.64E-03 

Baldcypress (Taxodium distichum) 0.631 1.02E-04 

Eastern hemlock (Tsuga canadensis) 0.543 9.61E-04 

Atlantic white-cedar (Chamaecyparis thyoides) 0.628 1.78E-04 

Eastern redcedar (Juniperus virginiana) 0.248 1.37E-03 

Norway spruce (Picea abies) 0.584 7.95E-04 

Boxelder (Acer negundo) 0.455 2.70E-03 

Striped maple (Acer pensylvanicum) 0.455 1.86E-03 

Red maple (Acer rubrum) 0.455 6.41E-02 

Silver maple (Acer saccharinum) 0.492 1.56E-04 

Sugar maple (Acer saccharum) 0.419 6.71E-03 
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Norway maple (Acer platanoides) 0.455 3.60E-04 

Ailanthus (Ailanthus altissima) 0.503 1.26E-03 

Mimosa, silktree (Albizia julibrissin) 0.503 2.06E-05 

European alder (Alnus glutinosa) 0.492 2.76E-04 

Serviceberry spp. (Amelanchier spp.) 0.503 4.71E-03 

Pawpaw (Asimina triloba) 0.503 1.09E-02 

Yellow birch (Betula alleghaniensis) 0.419 7.26E-04 

Sweet birch (Betula lenta) 0.412 7.93E-03 

River birch (Betula nigra) 0.416 7.38E-05 

American hornbeam, musclewood (Carpinus 

caroliniana) 
0.503 7.18E-03 

Bitternut hickory (Carya cordiformis) 0.351 6.76E-04 

Pignut hickory (Carya glabra) 0.329 3.83E-03 

Shagbark hickory (Carya ovata) 0.347 1.54E-03 

Mockernut hickory (Carya alba) 0.342 3.58E-03 

Sand hickory (Carya pallida) 0.333 2.77E-05 

Hackberry (Celtis occidentalis) 0.394 1.05E-03 

Eastern redbud (Cercis canadensis) 0.503 2.85E-03 

Flowering dogwood (Cornus florida) 0.503 2.25E-03 

Hawthorn spp. (Crataegus spp.) 0.503 1.90E-03 

Common persimmon (Diospyros virginiana) 0.503 1.20E-03 

American beech (Fagus grandifolia) 0.419 2.07E-02 

White ash (Fraxinus americana) 0.306 2.44E-03 

Green ash (Fraxinus pennsylvanica) 0.367 7.25E-04 

American holly (Ilex opaca) 0.503 5.49E-02 

Black walnut (Juglans nigra) 0.422 1.36E-03 

Sweetgum (Liquidambar styraciflua) 0.578 7.12E-02 

Yellow-poplar (Liriodendron tulipifera) 0.515 1.89E-02 

Osage-orange (Maclura pomifera) 0.503 1.23E-04 

Cucumbertree (Magnolia acuminata) 0.510 1.34E-03 

Sweetbay (Magnolia virginiana) 0.510 4.79E-03 

Apple spp. (Malus spp.) 0.425 9.21E-04 

White mulberry (Morus alba) 0.503 3.90E-04 

Red mulberry (Morus rubra) 0.503 1.93E-05 

Blackgum (Nyssa sylvatica) 0.503 3.07E-02 

Eastern hophornbeam (Ostrya virginiana) 0.503 1.56E-03 

Paulownia, empress-tree (Paulownia tomentosa) 0.503 1.93E-05 

Redbay (Persea borbonia) 0.503 1.39E-05 

American sycamore (Platanus occidentalis) 0.565 1.41E-03 

Eastern cottonwood (Populus deltoides) 0.593 5.96E-05 

Bigtooth aspen (Populus grandidentata) 0.531 1.07E-04 

Quaking aspen (Populus tremuloides) 0.531 4.34E-05 

Pin cherry (Prunus pensylvanica) 0.367 8.15E-05 
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Black cherry (Prunus serotina) 0.367 9.54E-03 

American plum (Prunus americana) 0.367 1.44E-03 

Sweet cherry (Prunus avium) 0.367  1.41E-05 

White oak (Quercus alba) 0.438 9.56E-03 

Swamp white oak (Quercus bicolor) 0.438 1.68E-05 

Scarlet oak (Quercus coccinea) 0.429 3.40E-03 

Southern red oak (Quercus falcata) 0.429 3.31E-03 

Cherrybark oak (Quercus pagoda) 0.429 1.11E-03 

Scrub oak (Quercus ilicifolia) 0.429 4.72E-04 

Overcup oak (Quercus lyrata) 0.429 1.83E-05 

Swamp chestnut oak (Quercus michauxii) 0.429 3.85E-04 

Water oak (Quercus nigra) 0.448 2.36E-03 

Pin oak (Quercus palustris) 0.429 5.07E-04 

Willow oak (Quercus phellos) 0.425 2.00E-03 

Chestnut oak (Quercus prinus) 0.429 5.45E-03 

Northern red oak (Quercus rubra) 0.408 5.31E-03 

Post oak (Quercus stellata) 0.429 9.02E-05 

Black oak (Quercus velutina) 0.429 2.72E-03 

Callery pear (Pyrus calleryana) 0.503 4.81E-04 

Sawtooth oak (Quercus acutissima) 0.429 4.84E-05 

Black locust (Robinia pseudoacacia) 0.503 5.85E-03 

Sassafras (Sassafras albidum) 0.503 4.65E-03 

American basswood (Tilia americana) 0.571 5.90E-04 

American elm (Ulmus americana) 0.479 1.18E-03 

Slippery elm (Ulmus rubra) 0.407 2.60E-04 
Table A9: Moisture content used for each tree species and the weighted moisture content in Maryland. 

Tree Species 

Sampling 

Error 

(95%) 

Standard 

Error 

Proportion 

Sampling 

Error 

Variance 

Shortleaf pine (Pinus echinata) 150.693 262308 3.60E-08 1.09E-08 

Table Mountain pine (Pinus 

pungens) 
195.898 61197 1.95E-09 6.42E-10 

Red pine (Pinus resinosa) 145.620 23738550 2.95E-04 9.66E-05 

Pitch pine (Pinus rigida) 80.599 191854 1.95E-08 6.39E-09 

Eastern white pine (Pinus 
strobus) 

79.598 2914582 4.49E-06 1.60E-06 

Scotch pine (Pinus sylvestris) 175.873 5613312 1.65E-05 5.41E-06 

Loblolly pine (Pinus taeda) 44.941 78163031 3.34E-03 9.16E-04 

Virginia pine (Pinus 

virginiana) 
46.278 5194952 1.47E-05 4.83E-06 

Baldcypress (Taxodium 

distichum) 
165.883 372038 7.23E-08 2.88E-08 
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Eastern hemlock (Tsuga 
canadensis) 

97.639 2393237 3.01E-06 8.89E-07 

Atlantic white-cedar 
(Chamaecyparis thyoides) 

158.241 620009 2.01E-07 7.93E-08 

Eastern redcedar (Juniperus 

virginiana) 
62.365 4771914 1.22E-05 7.48E-07 

Norway spruce (Picea abies) 108.606 2050221 2.21E-06 7.52E-07 

Boxelder (Acer negundo) 64.055 5266283 1.48E-05 3.07E-06 

Striped maple (Acer 

pensylvanicum) 
108.245 6136664 1.98E-05 4.10E-06 

Red maple (Acer rubrum) 17.5185 34156647 8.05E-04 1.67E-04 

Silver maple (Acer 

saccharinum) 
108.853 476812 1.19E-07 2.89E-08 

Sugar maple (Acer saccharum) 50.084 11133933 6.71E-05 1.18E-05 

Norway maple (Acer 

platanoides) 
151.729 1661039 1.44E-06 2.99E-07 

Ailanthus (Ailanthus altissima) 64.8368 2245820 2.69E-06 6.81E-07 

Mimosa, silktree (Albizia 
julibrissin) 

195.747 111047 6.44E-09 1.63E-09 

European alder (Alnus 

glutinosa) 
195.898 1521676 1.21E-06 2.93E-07 

Serviceberry spp. 

(Amelanchier spp.) 
90.429 11725405 7.24E-05 1.83E-05 

Pawpaw (Asimina triloba) 66.728 19948786 2.12E-04 5.36E-05 

Yellow birch (Betula 

alleghaniensis) 
119.509 2872003 4.32E-06 7.58E-07 

Sweet birch (Betula lenta) 49.67228 13260979 9.52E-05 1.61E-05 

River birch (Betula nigra) 103.451 254234 3.40E-08 5.89E-09 

American hornbeam, 

musclewood (Carpinus 

caroliniana) 

67.939 13430191 9.59E-05 2.43E-05 

Bitternut hickory (Carya 

cordiformis) 
79.307 2119219 2.37E-06 2.92E-07 

Pignut hickory (Carya glabra) 35.821 5779422 1.87E-05 2.03E-06 

Shagbark hickory (Carya 

ovata) 
63.569 3925383 8.22E-06 9.87E-07 

Mockernut hickory (Carya 

alba) 
40.004 5795666 1.86E-05 2.17E-06 

Sand hickory (Carya pallida) 119.017 136993 9.84E-09 1.09E-09 

Hackberry (Celtis occidentalis) 89.570 3307139 5.76E-06 8.94E-07 

Eastern redbud (Cercis 
canadensis) 

124.252 9763245 4.99E-05 1.26E-05 

Flowering dogwood (Cornus 
florida) 

60.286 3733024 7.45E-06 1.89E-06 
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Hawthorn spp. (Crataegus 
spp.) 

95.783 5008643 1.32E-05 3.34E-06 

Common persimmon 
(Diospyros virginiana) 

87.886 2908971 4.46E-06 1.13E-06 

American beech (Fagus 

grandifolia) 
26.583 18180412 1.96E-04 3.44E-05 

White ash (Fraxinus 

americana) 
84.047 9304795 4.57E-05 4.27E-06 

Green ash (Fraxinus 

pennsylvanica) 
108.947 2981559 4.67E-06 6.29E-07 

American holly (Ilex opaca) 26.823 40542423 9.74E-04 2.47E-04 

Black walnut (Juglans nigra) 55.433 2485383 3.32E-06 5.91E-07 

Sweetgum (Liquidambar 
styraciflua) 

23.849 40734492 1.02E-03 3.39E-04 

Yellow-poplar (Liriodendron 

tulipifera) 
38.914 19777800 2.17E-04 5.75E-05 

Osage-orange (Maclura 

pomifera) 
147.202 498078 1.30E-07 3.29E-08 

Cucumbertree (Magnolia 

acuminata) 
115.744 4230985 9.39E-06 2.44E-06 

Sweetbay (Magnolia 
virginiana) 

62.122 8096750 3.50E-05 9.10E-06 

Apple spp. (Malus spp.) 82.461 2474275 3.23E-06 5.85E-07 

White mulberry (Morus alba) 99.817 1072042 6.04E-07 1.53E-07 

Red mulberry (Morus rubra) 177.899 94554 4.67E-09 1.18E-09 

Blackgum (Nyssa sylvatica) 24.318 20539261 2.57E-04 6.50E-05 

Eastern hophornbeam (Ostrya 

virginiana) 
84.090 3618194 6.91E-06 1.75E-06 

Paulownia, empress-tree 

(Paulownia tomentosa) 
177.899 94554 4.67E-09 1.18E-09 

Redbay (Persea borbonia) 194.838 74709 2.91E-09 7.38E-10 

American sycamore (Platanus 

occidentalis) 
77.052 2665315 3.76E-06 1.20E-06 

Eastern cottonwood (Populus 

deltoides) 
222.560 309979 5.01E-08 1.77E-08 

Bigtooth aspen (Populus 
grandidentata) 

114.397 320079 5.37E-08 1.51E-08 

Quaking aspen (Populus 
tremuloides) 

195.747 222093 2.57E-08 7.24E-09 

Pin cherry (Prunus 

pensylvanica) 
184.979 569317 1.69E-07 2.28E-08 

Black cherry (Prunus serotina) 29.094 10485392 6.40E-05 8.62E-06 

American plum (Prunus 
americana) 

143.237 7769509 3.16E-05 4.25E-06 
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Sweet cherry (Prunus avium) 177.899 94554 4.67E-09 6.29E-10 

White oak (Quercus alba) 24.735 7478890 3.39E-05 6.50E-06 

Swamp white oak (Quercus 
bicolor) 

177.899 94554 4.67E-09 8.96E-10 

Scarlet oak (Quercus coccinea) 49.531 5435435 1.60E-05 2.95E-06 

Southern red oak (Quercus 
falcata) 

49.749 5332628 1.54E-05 2.83E-06 

Cherrybark oak (Quercus 
pagoda) 

126.357 4520671 1.07E-05 1.97E-06 

Scrub oak (Quercus ilicifolia) 157.331 2399064 3.01E-06 5.55E-07 

Overcup oak (Quercus lyrata) 230.853 136286 9.69E-09 1.79E-09 

Swamp chestnut oak (Quercus 

michauxii) 
84.792 1054136 5.86E-07 1.08E-07 

Water oak (Quercus nigra) 77.234 5649073 1.69E-05 3.38E-06 

Pin oak (Quercus palustris) 98.935 1618287 1.38E-06 2.54E-07 

Willow oak (Quercus phellos) 57.938 3769383 7.62E-06 1.38E-06 

Chestnut oak (Quercus prinus) 34.331 6043077 2.06E-05 3.80E-06 

Northern red oak (Quercus 
rubra) 

49.892 8994298 4.38E-05 7.30E-06 

Post oak (Quercus stellata) 86.951 253261 3.38E-08 6.24E-09 

Black oak (Quercus velutina) 43.804 3846364 8.10E-06 1.49E-06 

Callery pear (Pyrus calleryana) 177.899 2355660 2.90E-06 7.34E-07 

Sawtooth oak (Quercus 
acutissima) 

195.898 305987 4.89E-08 9.01E-09 

Black locust (Robinia 

pseudoacacia) 
64.739 10431461 5.80E-05 1.47E-05 

Sassafras (Sassafras albidum) 40.962 5240467 1.51E-05 3.84E-06 

American basswood (Tilia 
americana) 

79.221 1134409 6.80E-07 2.22E-07 

American elm (Ulmus 

americana) 
92.569 3155102 5.24E-06 1.20E-06 

Slippery elm (Ulmus rubra) 71.758 634737 2.14E-07 3.54E-08 
Table A10: Calculations to find variance of tree species in Maryland and thus moisture content. 
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Appendix B 

Appendix B contains product and byproduct data used to develop process yields for the 

HTL process, as described in Chapter 2. 

Biocrude Yield Notes Reference 

Min 10% 
Max 45% 

Paulownia 
Dimitriadis & Bezergianni 
(2017) 

Min 18.6% 
Max 26.5% 

Pinewood 
Dimitriadis & Bezergianni 
(2017) 

40% Pine sawdust Cheng et al. (2010) 

26% Pine sawdust with ethanol Cheng et al. (2010) 

23% Pine sawdust with methanol Cheng et al. (2010) 

Max 65% Pine sawdust with ethanol and methanol Cheng et al. (2010) 

Min 22% 

Max 66% 
Pine sawdust (temperature changes) Cheng et al. (2010) 

28% Beech wood Gollakota et al. (2018) 

29.4% Loblolly pine wood Knorr et al. (2013) 

32.9% Radiata Pine Ong et al. (2018) 

34.6% Forest & logging residue Tews et al. (2014) 

Min 17% 

Max 44% 
Wood, jack pine wood, no catalyst Xu & Etcheverry (2008) 

Max 63% Wood, jack pine wood, catalyst Xu & Etcheverry (2008) 

19.29% 
wood, Cunninghamia lanceolata - non 
catalytic 

Zhong & Wei (2004) 

20.62% 
wood, Cunninghamia lanceolata - non 

catalytic 
Zhong & Wei (2004) 

23.78% 
wood, Cunninghamia lanceolata - non 

catalytic 
Zhong & Wei (2004) 

21.20% 
wood, Cunninghamia lanceolata - non 

catalytic 
Zhong & Wei (2004) 

20.12% 
wood, Cunninghamia lanceolata - non 
catalytic 

Zhong & Wei (2004) 

23.02% 
wood, Cunninghamia lanceolata - 
catalytic 

Zhong & Wei (2004) 

26.31% 
wood, Cunninghamia lanceolata - 

catalytic 
Zhong & Wei (2004) 

29.24% 
wood, Cunninghamia lanceolata - 

catalytic 
Zhong & Wei (2004) 

32.21% 
wood, Cunninghamia lanceolata - 

catalytic 
Zhong & Wei (2004) 
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26.54% 
wood, Cunninghamia lanceolata - 
catalytic 

Zhong & Wei (2004) 

17.34% 
wood, P. massoniana Lamb. - non 
catalytic 

Zhong & Wei (2004) 

18.15% 
wood, P. massoniana Lamb. - non 

catalytic 
Zhong & Wei (2004) 

20.05% 
wood, P. massoniana Lamb. - non 

catalytic 
Zhong & Wei (2004) 

20.60% 
wood, P. massoniana Lamb. - non 

catalytic 
Zhong & Wei (2004) 

19.96% 
wood, P. massoniana Lamb. - non 
catalytic 

Zhong & Wei (2004) 

24.94% wood, P. massoniana Lamb. - catalytic Zhong & Wei (2004) 

26.42% wood, P. massoniana Lamb. - catalytic Zhong & Wei (2004) 

27.38% wood, P. massoniana Lamb. - catalytic Zhong & Wei (2004) 

26.57% wood, P. massoniana Lamb. - catalytic Zhong & Wei (2004) 

22.05% wood, P. massoniana Lamb. - catalytic Zhong & Wei (2004) 

22.38% wood, P. tomentosa Carr. - non catalytic Zhong & Wei (2004) 

26.43% wood, P. tomentosa Carr. - non catalytic Zhong & Wei (2004) 

25.25% wood, P. tomentosa Carr. - non catalytic Zhong & Wei (2004) 

23.98% wood, P. tomentosa Carr. - non catalytic Zhong & Wei (2004) 

18.12% wood, P. tomentosa Carr. - non catalytic Zhong & Wei (2004) 

27.13% wood, P. tomentosa Carr. - catalytic Zhong & Wei (2004) 

31.54% wood, P. tomentosa Carr. - catalytic Zhong & Wei (2004) 

30.74% wood, P. tomentosa Carr. - catalytic Zhong & Wei (2004) 

25.27% wood, P. tomentosa Carr. - catalytic Zhong & Wei (2004) 

23.17% wood, P. tomentosa Carr. - catalytic Zhong & Wei (2004) 

28.13% 
wood, Fraxinus mandshurica - non 
catalytic 

Zhong & Wei (2004) 

30.72% 
wood, Fraxinus mandshurica - non 

catalytic 
Zhong & Wei (2004) 

28.99% 
wood, Fraxinus mandshurica - non 

catalytic 
Zhong & Wei (2004) 

27.33% 
wood, Fraxinus mandshurica - non 

catalytic 
Zhong & Wei (2004) 

24.76% 
wood, Fraxinus mandshurica - non 
catalytic 

Zhong & Wei (2004) 

30.37% wood, Fraxinus mandshurica - catalytic Zhong & Wei (2004) 

30.56% wood, Fraxinus mandshurica - catalytic Zhong & Wei (2004) 

30.80% wood, Fraxinus mandshurica - catalytic Zhong & Wei (2004) 

26.86% wood, Fraxinus mandshurica - catalytic Zhong & Wei (2004) 

22.75% wood, Fraxinus mandshurica - catalytic Zhong & Wei (2004) 
Table B1: Biocrude yield data from several various sources 
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Aqueous Solution Yield Notes Reference 

49.7% Loblolly pine wood, liquids (aq sol + water) Knorr et al. (2013) 

11.9% Radiata Pine Ong et al. (2018) 

35.4% Forest & logging residue Tews et al. (2014) 

14.82% 
Wood, Cunninghamia lanceolata - non 

catalytic 

Zhong & Wei 

(2004) 

13.46% 
Wood, Cunninghamia lanceolata - non 

catalytic 

Zhong & Wei 

(2004) 

12.90% 
Wood, Cunninghamia lanceolata - non 

catalytic 

Zhong & Wei 

(2004) 

12.03% 
Wood, Cunninghamia lanceolata - non 
catalytic 

Zhong & Wei 
(2004) 

10.14% 
Wood, Cunninghamia lanceolata - non 
catalytic 

Zhong & Wei 
(2004) 

15.58% Wood, P. massoniana Lamb. - non catalytic 
Zhong & Wei 

(2004) 

15.92% Wood, P. massoniana Lamb. - non catalytic 
Zhong & Wei 

(2004) 

14.24% Wood, P. massoniana Lamb. - non catalytic 
Zhong & Wei 

(2004) 

12.03% Wood, P. massoniana Lamb. - non catalytic 
Zhong & Wei 
(2004) 

9.08% Wood, P. massoniana Lamb. - non catalytic 
Zhong & Wei 
(2004) 

17.14% Wood, P. tomentosa Carr. - non catalytic 
Zhong & Wei 

(2004) 

16.14% Wood, P. tomentosa Carr. - non catalytic 
Zhong & Wei 

(2004) 

13.46% Wood, P. tomentosa Carr. - non catalytic 
Zhong & Wei 

(2004) 

13.00% Wood, P. tomentosa Carr. - non catalytic 
Zhong & Wei 
(2004) 

9.45% Wood, P. tomentosa Carr. - non catalytic 
Zhong & Wei 
(2004) 

17.02% Wood, Fraxinus mandshurica - non catalytic 
Zhong & Wei 

(2004) 

14.99% Wood, Fraxinus mandshurica - non catalytic 
Zhong & Wei 

(2004) 

13.15% Wood, Fraxinus mandshurica - non catalytic 
Zhong & Wei 

(2004) 

11.59% Wood, Fraxinus mandshurica - non catalytic 
Zhong & Wei 
(2004) 

8.92% Wood, Fraxinus mandshurica - non catalytic 
Zhong & Wei 
(2004) 
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Table B2: Aqueous solution/liquid yield data from several various sources. 

Gas Yield Notes Reference 

5% Pine sawdust (approx. for all cases) Cheng et al. (2010) 

17.8% Loblolly pine wood Knorr et al. (2013) 

18.3% Wood, dry basis Magdeldin et al. (2017) 

22.4% Radiata Pine Ong et al. (2018) 

17.5% Forest & logging residue Tews et al. (2014) 
Table B3: Gas yield data from several various sources. 

Solid Residue 

Yield 
Classification Notes Reference 

0.4% Ash Pine sawdust Cheng et al. (2010) 

12% SR 
Pine sawdust, solid residue, 
with ethanol 

Cheng et al. (2010) 

23% SR 
Pine sawdust, solid residue, 
with methanol 

Cheng et al. (2010) 

Min 5% 

Max 70% 
SR Pine sawdust, solid residue Cheng et al. (2010) 

Min 3% 

Max 8% 
Ash Lignocellulosics, dry Elliott et al. (2015) 

34.9% Ash Beech wood 
Gollakota et al. 

(2018) 

4.71% Ash Pine Sawdust 
Gollakota et al. 
(2018) 

27.45% Ash P.elongata 
Gollakota et al. 
(2018) 

0.09% Ash E.grandis 
Gollakota et al. 

(2018) 

Min 0.2% 

Max 0.8% 
Ash Softwoods Jiang et al. (2018) 

Min 0.2% 

Max 0.4% 
Ash Hardwoods Jiang et al. (2018) 

1.01% Ash Wood sawdust Jiang et al. (2018) 

4.5% Ash Pine bark Jiang et al. (2018) 

10.95% Ash Oak bark Jiang et al. (2018) 

2.68% Ash White birch bark Jiang et al. (2018) 

0.78% Ash Furniture sawdust Jiang et al. (2018) 

3.0% Char Loblolly pine wood, solids Knorr et al. (2013) 

1.33% Ash Scots pine residue, dry basis 
Magdeldin et al. 

(2017) 

1.5% Ash Wood, ash, dry 
Magdeldin et al. 

(2017) 

29.1% Char Wood, char, dry 
Magdeldin et al. 
(2017) 
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Min 2.5% 
Max 10% 

SR 
Wood/forest residue, solid 
content 

Magdeldin et al. 
(2018) 

0.6% Ash Radiata Pine, ash Ong et al. (2018) 

16.0% Char Radiata Pine, char Ong et al. (2018) 

0.48% Ash Aspen wood Pedersen et al. (2016) 

1.5% Ash Forest & logging residue Tews et al. (2014) 

5.7% SR Forest & logging residue Tews et al. (2014) 

0.17% Ash wood, pine wood 
Xu & Etcheverry 
(2008) 

26% Ash Wood Zhong & Wei (2004) 

42% Ash Wood Zhong & Wei (2004) 

49% Ash Wood Zhong & Wei (2004) 

72% Ash Wood Zhong & Wei (2004) 
Table B4: Solid residue yield data from several various sources. Residue is classed as ash, char, or solid residue (SR). 
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Appendix C 

Appendix C contains the MATLAB code and subroutines used in the piling, HTL, and 

costing model. Access to the Dataset file, HTL file, and Cost Model file are necessary or the code 

must be updated to continue without them. Code in bold indicates file names that must be adjusted. 

Contracts 

% function Methods 
% This function runs through all locations, unpiling methods, plant sizes and available wood 

amounts to create a dataset. This dataset is then implemented into the HTL Excel file. 

 
%% *REFERENCES*' 

 
%[1] Ahmadinia, S., Palviainen, M., Kiuru, P., Routa, J., Sikanen, L., Urzainki, I., & Laurn, A. 

(Ari). (2022). 

%Forest chip drying in self-heating piles during storage as affected by temperature and relative 
humidity conditions. 

%Fuel, 324, 124419. https://doi.org/10.1016/j.fuel.2022.124419 
 

%[2] Anerud, E., Larsson, G., & Eliasson, L. (2020). 

%Storage of Wood Chips: Effect of Chip Size on Storage Properties. 
%Croatian Journal of Forest Engineering, 41(2), 277286. https://doi.org/10.5552/crojfe.2020.663 

 
%[3] Sahoo, K., Bilek, E. M. (Ted), & Mani, S. (2018). 

%Techno-economic and environmental assessments of storing woodchips and pellets for 

bioenergy applications. 
%Renewable and Sustainable Energy Reviews, 98, 27-39. 

https://doi.org/10.1016/j.rser.2018.08.055 
 

clear all 

 
%% Set location and distance 

loc_opt = [1, 2, 3]; 
dist_opt = [10, 20, 30, 50, 75, 100, 120, 150, 200]; 

draw_opt = [5, 50, 100, 500, 1000, 2000, 4000, 6000, 8000]; 

 
%% Read variables from Excel 

 
% Define the file name and sheet name 
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filename = Dataset File Here; 
 

% Read content from Excel 
sheetname = 'Initialize'; 

q = readmatrix(filename, 'Sheet', sheetname, 'Range', 'B1:B1'); 

timestep =readmatrix(filename, 'Sheet', sheetname, 'Range', 'B2:B2'); 
w_r = readmatrix(filename, 'Sheet', sheetname, 'Range', 'B3:B3'); 

max_time = readmatrix(filename, 'Sheet', sheetname, 'Range', 'B5:B5'); 
max_storage = readmatrix(filename, 'Sheet', sheetname, 'Range', 'B11:B11'); 

process_delay = readmatrix(filename, 'Sheet', sheetname, 'Range', 'B12:B12'); 

 
% Read contract info from Excel - Specify in Excel or in For Loop 

%contract_type = string(readcell(filename,'Sheet',sheetname,'Range','B6:B6')); 
%UL = readmatrix(filename,'Sheet',sheetname,'Range','B7:B7'); 

%LL = readmatrix(filename,'Sheet',sheetname,'Range','B8:B8'); 

UL_cost = readmatrix(filename,'Sheet',sheetname,'Range','B9:B9'); 
LL_cost = readmatrix(filename,'Sheet',sheetname,'Range','B10:B10'); 

 
for LL = [100, 200, 300, 400, 500, 600, 700, 800, 900, 1000, 3000, 5000, 7000, 10000, 25000, 

50000, 75000, 100000, 125000, 150000, 175000, 200000] 

    for UL = [100, 200, 300, 400, 500, 600, 700, 800, 900, 1000, 3000, 5000, 7000, 10000, 25000, 
50000, 75000, 100000, 125000, 150000, 175000, 200000] 

        for contract_type = ["Daily", "Weekly", "Monthly", "Yearly"] 
            % Set contract counter 

            filename = Dataset File Here; 

            sheetname = 'Available Wood Waste'; 
            if contract_type == "Daily" 

                period = ones(q,1); 
            elseif contract_type == "Weekly" 

                range = sprintf('%s%d:%s%d','AI',3,'AI', q+2); 

                period = readmatrix(filename,'Sheet',sheetname,'Range',range); 
            elseif contract_type == "Monthly" 

                range = sprintf('%s%d:%s%d','AJ',3,'AJ', q+2); 
                period = readmatrix(filename,'Sheet',sheetname,'Range',range); 

            elseif contract_type == "Yearly" 

                range = sprintf('%s%d:%s%d','AK',3,'AK', q+2); 
                period = readmatrix(filename,'Sheet',sheetname,'Range',range); 

            end 
 

            for max_draw = draw_opt 

                for loc = loc_opt 
                    for dist = dist_opt 

                        % Reset the file name and sheet name 
                        filename = Dataset File Here; 

                        % Set value of Feedstock In which is available to input 
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                        sheetname = 'Available Wood Waste'; 
                        if loc == 1 

                            if dist == 10 
                                %E3:E8768 

                                range = sprintf('%s%d:%s%d','E', 3, 'E', q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 20 
                                %F3:F8768 

                                range = sprintf('%s%d:%s%d',col_num2str(6), 3, col_num2str(6), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 30 
                                %G3:G8768 

                                range = sprintf('%s%d:%s%d',col_num2str(7), 3, col_num2str(7), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 50 
                                %H3:H8768 

                                range = sprintf('%s%d:%s%d',col_num2str(8), 3, col_num2str(8), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 75 
                                %I3:I8768 

                                range = sprintf('%s%d:%s%d',col_num2str(9), 3, col_num2str(9), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 100 
                                %J3:J8768 

                                range = sprintf('%s%d:%s%d',col_num2str(10), 3, col_num2str(10), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 120 
                                %K3:K8768 

                                range = sprintf('%s%d:%s%d',col_num2str(11), 3, col_num2str(11), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 150 
                                %L3:L8768 

                                range = sprintf('%s%d:%s%d',col_num2str(12), 3, col_num2str(12), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 200 
                                %M3:M8768 

                                range = sprintf('%s%d:%s%d',col_num2str(13), 3, col_num2str(13), q+2); 
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                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

 
                        elseif loc == 2 

                            if dist == 10 

                                %O3:O8768 
                                range = sprintf('%s%d:%s%d',col_num2str(15), 3, col_num2str(15), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 20 

                                %P3:P8768 
                                range = sprintf('%s%d:%s%d',col_num2str(16), 3, col_num2str(16), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 30 

                                %Q3:Q8768 
                                range = sprintf('%s%d:%s%d',col_num2str(17), 3, col_num2str(17), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 50 

                                %R3:R8768 
                                range = sprintf('%s%d:%s%d',col_num2str(18), 3, col_num2str(18), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 75 

                                %S3:S8768 
                                range = sprintf('%s%d:%s%d',col_num2str(19), 3, col_num2str(19), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 100 

                                %T3:T8768 
                                range = sprintf('%s%d:%s%d',col_num2str(20), 3, col_num2str(20), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 120 

                                %U3:U8768 
                                range = sprintf('%s%d:%s%d',col_num2str(21), 3, col_num2str(21), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 150 

                                %V3:V8768 
                                range = sprintf('%s%d:%s%d',col_num2str(22), 3, col_num2str(22), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

                            if dist == 200 



165 

 

                                %W3:W8768 
                                range = sprintf('%s%d:%s%d',col_num2str(23), 3, col_num2str(23), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                            end 

 

                        elseif loc == 3 
                            if dist == 10 

                                %Y3:Y8768 
                                range = sprintf('%s%d:%s%d',col_num2str(25), 3, col_num2str(25), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

                            end 
                            if dist == 20 

                                %Z3:Z8768 
                                range = sprintf('%s%d:%s%d',col_num2str(26), 3, col_num2str(26), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

                            end 
                            if dist == 30 

                                %AA3:AA8768 
                                range = sprintf('%s%d:%s%d',col_num2str(27), 3, col_num2str(27), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

                            end 
                            if dist == 50 

                                %AB3:AB8768 
                                range = sprintf('%s%d:%s%d',col_num2str(28), 3, col_num2str(28), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

                            end 
                            if dist == 75 

                                %AC3:AC8768 
                                range = sprintf('%s%d:%s%d',col_num2str(29), 3, col_num2str(29), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

                            end 
                            if dist == 100 

                                %AD3:AD8768 
                                range = sprintf('%s%d:%s%d',col_num2str(30), 3, col_num2str(30), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

                            end 
                            if dist == 120 

                                %AE3:AE8768 
                                range = sprintf('%s%d:%s%d',col_num2str(31), 3, col_num2str(31), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

                            end 
                            if dist == 150 

                                %AF3:AF8768 
                                range = sprintf('%s%d:%s%d',col_num2str(32), 3, col_num2str(32), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
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                            end 
                            if dist == 200 

                                %AG3:AG8768 
                                range = sprintf('%s%d:%s%d',col_num2str(33), 3, col_num2str(33), q+2); 

                                og_input = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

                            end 
                        end 

 
                        % Read moisture content as received 

                        sheetname = 'Feedstock Properties'; 

                        if loc == 1 
                            %D4:D8769 

                            range = sprintf('%s%d:%s%d',col_num2str(4) , 4, col_num2str(4), q+3); 
                            property_array = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

                        elseif loc == 2 

                            %E4:E8769 
                            range = sprintf('%s%d:%s%d',col_num2str(5) , 4, col_num2str(5), q+3); 

                            property_array = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                        elseif loc == 3 

                            %F4:F8769 

                            range = sprintf('%s%d:%s%d',col_num2str(6) , 4, col_num2str(6), q+3); 
                            property_array = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

                        end 
 

                        % Read yield properties 

                        range = sprintf('%s%d:%s%d',col_num2str(7) , 4, col_num2str(11), q+3); 
                        yield_array = readmatrix(filename, 'Sheet',sheetname,'Range',range); 

 
                        % Find drying rate per [1] 

                        sheetname = 'Weather Data'; 

                        if loc == 1 
                            %F3:F9857 

                            range = sprintf('%s%d:%s%d',col_num2str(6), 3, col_num2str(6), q+2); 
                            k = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

                        elseif loc ==2 

                            %J3:J9857 
                            range = sprintf('%s%d:%s%d',col_num2str(10), 3, col_num2str(10), q+2); 

                            k = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 
                        elseif loc ==3 

                            %N3:N9857 

                            range = sprintf('%s%d:%s%d',col_num2str(14), 3, col_num2str(14), q+2); 
                            k = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

                        end 
 

                        % Read fractional DML on a per day basis 
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                        sheetname = 'DML'; 
                        %E2:E1097 

                        range = sprintf('%s%d:%s%d','E' , 3, 'E', q+2); %+1 to shift index to match Excel 
                        DML = readmatrix(filename, 'Sheet', sheetname, 'Range', range); 

 

                        % Initialize collected for pile_counter 
                        if og_input(1) >= max_draw 

                            collected = max_draw; 
                        else 

                            collected = og_input(1); 

                        end 
 

                        % Transpose matrices to match output size 
                        max_input = max_draw*ones(1,q); 

                        og_input = transpose(og_input); 

                        property_array = transpose(property_array); 
                        DML = transpose(DML); 

                        k = transpose(k); 
                        yield_array = transpose(yield_array); 

 

                        %% Choose unpiling method 
                        for a = 1:3 

                            if a == 1 
                                unpile = 'FIFO'; 

                                [collected, og_input, output_sum, feedstock_out, pile_size, trash_counter, 

trash_sum, moisture, cum_DML,pile_counter] = 
FIFO(period,UL,q,og_input,DML,max_time,max_draw,timestep,w_r,property_array,k,collected,

max_storage,process_delay); 
                            end 

                            if a == 2 

                                unpile = 'LIFO'; 
                                [collected, og_input, output_sum, feedstock_out, pile_size, trash_counter, 

trash_sum, moisture, cum_DML,pile_counter] = 
LIFO(period,UL,q,og_input,DML,max_time,max_draw,timestep,w_r,property_array,k,collected,

max_storage,process_delay); 

                            end 
                            if a == 3 

                                unpile = 'Homogeneous'; 
                                [collected, og_input, output_sum, feedstock_out, pile_size, trash_counter, 

trash_sum, moisture, cum_DML,pile_counter] = 

Homogeneous(period,UL,q,og_input,DML,max_draw,timestep,w_r,property_array,k,collected,
max_storage,process_delay); 

                            end 
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                            %% Calculate feedstock in sum 
                            input_sum = zeros(q,1); 

                            for index = 1:q 
                                if index == 1 

                                    input_sum(index) = og_input(index); 

                                else 
                                    input_sum(index) = input_sum(index-1) + og_input(index); 

                                end 
                            end 

                            input_sum = transpose(input_sum); 

 
                            %% Transpose all data to save to CSV file 

                            %og_input; input_sum; feedstock_out; output_sum; pile_size; trash_counter; 
trash_sum; property_array; moisture; cum_DML;max_input;yield_array 

                            og_input_t = transpose(og_input); 

                            input_sum_t = transpose(input_sum); 
                            feedstock_out_t = transpose(feedstock_out); 

                            output_sum_t = transpose(output_sum); 
                            pile_size_t = transpose(pile_size); 

                            trash_counter_t = transpose(trash_counter); 

                            trash_sum_t = transpose(trash_sum); 
                            property_array_t = transpose(property_array); 

                            moisture_t = transpose(moisture); 
                            cum_DML_t = transpose(cum_DML); 

                            max_input_t = transpose(max_input); 

                            yield_array_t = transpose(yield_array); 
 

                            %% Write to HTL file 
                            savename = sprintf( HTL FIL  LOCATION H R  … 

\\HTL_loc%d_dist%d_size%d_%s_%s_%dLL_%dUL_%d.xlsx',loc,dist,max_draw,unpil

e,contract_type,LL,UL,max_storage); 
                            filename = savename; % This is used later to read the HTL file 

                            template = 'HTL_Template.xlsx'; 
                            copyfile(template,savename) 

                            column_names = ["Delivered", "Delivered Sum","Process Intake","Process 

Intake Sum","Pile Size", "Disposed Feedstock","Disposed Feedstock Sum","As Received 
Moisture","Process Intake Moisture","DML Sum","Max Intake Rate","Aq Sol Yield","Solid 

Residue","Gas Yield","Water Yield","Biocrude Yield"]; 
                            raw_data = [og_input_t, input_sum_t, feedstock_out_t, output_sum_t, 

pile_size_t, trash_counter_t, trash_sum_t, property_array_t, moisture_t, cum_DML_t, 

max_input_t, yield_array_t]; 
                            savedata = [column_names;raw_data]; 

                            writematrix(savedata,savename,'Sheet','Raw Data'); 
 

                            % Force HTL Excel spreadsheet to calculate 
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                            xlApp = actxserver('Excel.Application'); 
                            xlWorkbook =xlApp.workbooks.Open(savename); 

                            xlWorkbook.Save; 
                            xlWorkbook.Close; 

                            xlApp.Quit; 

                            delete(xlApp) 
 

                            %% Write to Cost Model 
                            % Create Cost Model File 

                            savename = sprintf(COST MODEL FIL  LOCATION H R  … 

\\Cost_Model_loc%d_dist%d_size%d_%s_%s_%dLL_%dUL_%d.xlsm',loc,dist,max_draw,unpi
le,contract_type,LL,UL,max_storage); 

                            template = 'Cost_Model_Template.xlsm'; 
                            copyfile(template,savename) 

 

                            % Save location to Cost Model 
                            if loc == 1 

                                writematrix('Oregon',savename,'Sheet','Inputs', 'Range','G7') 
                            elseif loc == 2 

                                writematrix('Iowa',savename,'Sheet','Inputs', 'Range','G7') 

                            elseif loc == 3 
                                writematrix('Maryland',savename,'Sheet','Inputs', 'Range','G7') 

                            end 
 

                            % Save distance to Cost Model 

                            % Do NOT double distance, account for near & far feedstock 
                            if dist == 10 

                                writematrix(10,savename,'Sheet','Inputs', 'Range','G67') 
                            elseif dist == 20 

                                writematrix(20,savename,'Sheet','Inputs', 'Range','G67') 

                            elseif dist == 30 
                                writematrix(30,savename,'Sheet','Inputs', 'Range','G67') 

                            elseif dist == 50 
                                writematrix(50,savename,'Sheet','Inputs', 'Range','G67') 

                            elseif dist == 75 

                                writematrix(75,savename,'Sheet','Inputs', 'Range','G67') 
                            elseif dist == 100 

                                writematrix(100,savename,'Sheet','Inputs', 'Range','G67') 
                            elseif dist == 120 

                                writematrix(120,savename,'Sheet','Inputs', 'Range','G67') 

                            elseif dist == 150 
                                writematrix(150,savename,'Sheet','Inputs', 'Range','G67') 

                            elseif dist == 200 
                                writematrix(200,savename,'Sheet','Inputs', 'Range','G67') 

                            end 
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                            % Save draw_opt to Cost Model 

                            writematrix(max_draw,savename,'Sheet','Inputs', 'Range','G8') 
 

                            % Save contracts to Cost Model 

                            writematrix(contract_type,savename,'Sheet','Inputs','Range','G112') 
                            writematrix(UL,savename,'Sheet','Inputs','Range','G113') 

                            writematrix(LL,savename,'Sheet','Inputs','Range','G114') 
                            writematrix(UL_cost,savename,'Sheet','Inputs','Range','G115') 

                            writematrix(LL_cost,savename,'Sheet','Inputs','Range','G116') 

 
                            % Save Piling data to Cost Model 

                            %C3:L[q+2] 
                            range = sprintf('%s%d:%s%d',col_num2str(3), 3, col_num2str(12), q+2); 

                            writematrix(raw_data,savename,'Sheet','Raw Data','Range',range) 

 
                            % Read HTL file 

                            %filename saved above 
                            %D5:D[q+4] 

                            range = sprintf('%s%d:%s%d',col_num2str(4), 5, col_num2str(4), q+4); 

                            wet_feedstock = readmatrix(filename,'Sheet','HTL Model','Range',range); 
                            %K5:K[q+4] 

                            range = sprintf('%s%d:%s%d',col_num2str(11), 5, col_num2str(11), q+4); 
                            added_solvent = readmatrix(filename,'Sheet','HTL Model','Range',range); 

                            %Q5:Q[q+4] 

                            range = sprintf('%s%d:%s%d',col_num2str(17), 5, col_num2str(17), q+4); 
                            makeup_H2O = readmatrix(filename,'Sheet','HTL Model','Range',range); 

                            %AI5:AI[q+4] 
                            range = sprintf('%s%d:%s%d',col_num2str(35), 5, col_num2str(35), q+4); 

                            biocrude_prod = readmatrix(filename,'Sheet','HTL Model','Range',range); 

                            %AF5:AF[q+4] 
                            range = sprintf('%s%d:%s%d',col_num2str(32), 5, col_num2str(32), q+4); 

                            gas_prod = readmatrix(filename,'Sheet','HTL Model','Range',range); 
                            %AG5:AG[q+4] 

                            range = sprintf('%s%d:%s%d',col_num2str(33), 5, col_num2str(33), q+4); 

                            solid_res = readmatrix(filename,'Sheet','HTL Model','Range',range); 
                            %AK5:AK[q+4] 

                            range = sprintf('%s%d:%s%d',col_num2str(37), 5, col_num2str(37), q+4); 
                            sewer = readmatrix(filename,'Sheet','HTL Model','Range',range); 

                            %AJ5:AJ[q+4] 

                            range = sprintf('%s%d:%s%d',col_num2str(36), 5, col_num2str(36), q+4); 
                            sewer_aq_sol = readmatrix(filename,'Sheet','HTL Model','Range',range); 

 
                            % Write to Cost Model 

                            %P3:P[q+2] 



171 

 

                            range = sprintf('%s%d:%s%d',col_num2str(16), 3, col_num2str(16), q+2); 
                            writematrix(wet_feedstock,savename,'Sheet','Raw Data','Range',range); 

                            %Q3:Q[q+2] 
                            range = sprintf('%s%d:%s%d',col_num2str(17), 3, col_num2str(17), q+2); 

                            writematrix(added_solvent,savename,'Sheet','Raw Data','Range',range); 

                            %S3:S[q+2] 
                            range = sprintf('%s%d:%s%d',col_num2str(19), 3, col_num2str(19), q+2); 

                            writematrix(makeup_H2O,savename,'Sheet','Raw Data','Range',range); 
                            %U3:U[q+2] 

                            range = sprintf('%s%d:%s%d',col_num2str(21), 3, col_num2str(21), q+2); 

                            writematrix(biocrude_prod,savename,'Sheet','Raw Data','Range',range); 
                            %W3:W[q+2] 

                            range = sprintf('%s%d:%s%d',col_num2str(23), 3, col_num2str(23), q+2); 
                            writematrix(gas_prod,savename,'Sheet','Raw Data','Range',range); 

                            %Y3:Y[q+2] 

                            range = sprintf('%s%d:%s%d',col_num2str(25), 3, col_num2str(25), q+2); 
                            writematrix(solid_res,savename,'Sheet','Raw Data','Range',range); 

                            %AA3:AA[q+2] 
                            range = sprintf('%s%d:%s%d',col_num2str(27), 3, col_num2str(27), q+2); 

                            writematrix(sewer,savename,'Sheet','Raw Data','Range',range); 

                            %AC3:AC[q+2] 
                            range = sprintf('%s%d:%s%d',col_num2str(29), 3, col_num2str(29), q+2); 

                            writematrix(sewer_aq_sol,savename,'Sheet','Raw Data','Range',range); 
 

                            %% Run What-if Excel Analysis to find minimum sell cost 

                            xlApp = actxserver('Excel.Application'); 
                            xlWorkbook = xlApp.Workbooks.Open(savename); 

                            % Run the macro 
                            macroName = 'PerformGoalSeek'; 

                            xlApp.Run(macroName); 

                            % Save and close the workbook 
                            xlWorkbook.Save; 

                            xlWorkbook.Close; 
                            xlApp.Quit; 

                            delete(xlApp); 

 
                            % If excel won't fully close, use the following: 

                            %system('taskkill /F /IM excel.exe'); 
                            % Use only in emergency and in command window 

 

                        end %ends unpiling loop 
                    end %ends distance loop 

                end %end location loop 
            end %end plant sizing 

        end %contract loop 
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    end % limit loop (UL) 
end % limit loop (LL) 

 

FIFO 

function [collected, og_input, output_sum, feedstock_out, pile_size, trash_counter, trash_sum, 

moisture, cum_DML,pile_counter] = 
FIFO(period,UL,q,og_input,DML,max_time,max_draw,timestep,w_r,property_array,k,collected,

max_storage,process_delay) 
%First in first out 

%This is the unpiling model 

 
% Initialize variables 

feedstock_out = zeros(1,q); 
pile_size = zeros(1,q); 

output_sum = zeros(1,q); 

cum_DML = zeros(1,q); 
trash_counter = zeros(1,q); 

trash_sum = zeros(1,q); 
contract_sum = 0; 

contract_count = 0; 

period_index = 1; 
accepted_feedstock = 0; 

denied_feedstock = 0; 
 

% Loop through timestep 

for ind1 = 1:q 
    % ind1 represents the current timestep 

 
    % Set up contract. If upper limit (UL) reached, truckload not accepted 

    contract_count = contract_count + 1; 

    if contract_sum > UL 
        % If UL reached, reject truckload 

        og_input(ind1) = 0; 
    elseif contract_sum + og_input(ind1) > UL 

        % If truckload would overflow upper limit, accept partial truckload 

        og_input(ind1) = UL - contract_sum; 
        contract_sum = contract_sum + og_input(ind1); 

    else 
        % Accept full truckload 

        contract_sum = contract_sum + og_input(ind1); 

    end 
    % If end of period reached, reset period & sum 
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    if contract_count == period(period_index) 
        contract_count = 0; 

        period_index = period_index + 1; 
        contract_sum = 0; 

    end 

 
    % Set pile size before DML or output to process. Previous pile size now has input from truck 

dump 
    if ind1 == 1 

        if og_input(ind1) > max_storage 

            % If truckload would overflow maximum storage, accept partial truckload 
            accepted_feedstock = max_storage; 

            denied_feedstock = og_input(ind1) - accepted_feedstock; 
            og_input(ind1) = accepted_feedstock; 

            pile_size_preDML(ind1) = accepted_feedstock; 

        else 
            % Accept full truckload 

            accepted_feedstock = og_input(ind1); 
            denied_feedstock = 0; 

            pile_size_preDML(ind1) = og_input(ind1); 

        end 
    else 

        if pile_size(ind1-1)>max_storage 
            % If pile is greater than maximum storage, reject truckload 

            accepted_feedstock = 0; 

            denied_feedstock = og_input(ind1) - accepted_feedstock; 
            og_input(ind1) = accepted_feedstock; 

            pile_size_preDML(ind1) = pile_size(ind1 - 1); 
        elseif pile_size(ind1-1) + og_input(ind1) > max_storage 

            % If truckload would overflow maximum storage, accept partial truckload 

            accepted_feedstock = max_storage - pile_size(ind1-1); 
            denied_feedstock = og_input(ind1) - accepted_feedstock; 

            og_input(ind1) = accepted_feedstock; 
            pile_size_preDML(ind1) = pile_size(ind1-1) + accepted_feedstock; 

        else 

            % Accept full truckload 
            accepted_feedstock = og_input(ind1); 

            denied_feedstock = 0; 
            pile_size_preDML(ind1) = pile_size(ind1 - 1) + og_input(ind1); 

        end 

    end 
 

    % Reinitialize for each day 
    pile_counter(ind1) = og_input(ind1); 

    collected = 0; 
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    cum_property = 0; 
    trash = 0; 

 
    for ind2 = 1:ind1 

        % ind2 represents all days leading up to current timestep 

        [skip,cum_DML,collected,cum_property,pile_counter,trash] = 
FindDML(ind1,ind2,pile_counter,DML,cum_DML,max_time,cum_property,max_draw,timestep

,w_r,property_array,k,collected,trash,process_delay); 
 

        if skip 

            continue; % This is how to "GoToNext" in VBS 
        end 

    end 
 

    % Find pile size now that dry matter has been calculated 

    feedstock_out(ind1) = collected; 
    pile_size_postDML(ind1) = pile_size_preDML(ind1) - cum_DML(ind1); 

    pile_size(ind1) = pile_size_postDML(ind1) - collected - trash; 
 

    % Calculate feedstock in (amount bought includes denied feedstock 

    og_input(ind1) = accepted_feedstock + denied_feedstock; 
 

    % Calculate total output 
    if ind1 == 1 

        output_sum(ind1) = collected; 

    else 
        output_sum(ind1) = collected + output_sum(ind1 - 1); 

    end 
 

    % Calculate moisture content 

    if collected == 0 
        moisture(ind1) = 0; 

    else 
        moisture(ind1) = cum_property / collected; % fraction of water in ith days feedstock 

    end 

 
    % Calculate total feedstock discarded (due to age) and denied (due to storage constraints) 

    trash_counter(ind1) = trash + denied_feedstock; 
    trash_sum(ind1) = sum(trash_counter,"all"); 

 

end 

 

LIFO 
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function [collected, og_input, output_sum, feedstock_out, pile_size, trash_counter, trash_sum, 
moisture, cum_DML,pile_counter] = 

LIFO(period,UL,q,og_input,DML,max_time,max_draw,timestep,w_r,property_array,k,collected,
max_storage,process_delay) 

%Last in first out 

%This is the unpiling model 
 

% Initialize variables 
feedstock_out = zeros(1,q); 

pile_size = zeros(1,q); 

output_sum = zeros(1,q); 
cum_DML = zeros(1,q); 

trash_counter = zeros(1,q); 
trash_sum = zeros(1,q); 

contract_sum = 0; 

contract_count = 0; 
period_index = 1; 

accepted_feedstock = 0; 
denied_feedstock = 0; 

 

% Loop through timestep 
for ind1 = 1:q 

    % ind1 represents the current timestep 
 

    % Set up contract. If upper limit (UL) reached, truckload not accepted 

    contract_count = contract_count + 1; 
    if contract_sum > UL 

        % If UL reached, reject truckload 
        og_input(ind1) = 0; 

    elseif contract_sum + og_input(ind1) > UL 

        % If truckload would overflow upper limit, accept partial truckload 
        og_input(ind1) = UL - contract_sum; 

        contract_sum = contract_sum + og_input(ind1); 
    else 

        % Accept full truckload 

        contract_sum = contract_sum + og_input(ind1); 
    end 

    % If end of period reached, reset period & sum 
    if contract_count == period(period_index) 

        contract_count = 0; 

        period_index = period_index + 1; 
        contract_sum = 0; 

    end 
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    % Set pile size before DML or output to process. Previous pile size now has input from truck 
dump 

    if ind1 == 1 
        if og_input(ind1) > max_storage 

            % If truckload would overflow maximum storage, accept partial truckload 

            accepted_feedstock = max_storage; 
            denied_feedstock = og_input(ind1) - accepted_feedstock; 

            og_input(ind1) = accepted_feedstock; 
            pile_size_preDML(ind1) = accepted_feedstock; 

        else 

            % Accept full truckload 
            accepted_feedstock = og_input(ind1); 

            denied_feedstock = 0; 
            pile_size_preDML(ind1) = og_input(ind1); 

        end 

    else 
        if pile_size(ind1-1)>max_storage 

            % If pile is greater than maximum storage, reject truckload 
            accepted_feedstock = 0; 

            denied_feedstock = og_input(ind1) - accepted_feedstock; 

            og_input(ind1) = accepted_feedstock; 
            pile_size_preDML(ind1) = pile_size(ind1 - 1); 

        elseif pile_size(ind1-1) + og_input(ind1) > max_storage 
            % If truckload would overflow maximum storage, accept partial truckload 

            accepted_feedstock = max_storage - pile_size(ind1-1); 

            denied_feedstock = og_input(ind1) - accepted_feedstock; 
            og_input(ind1) = accepted_feedstock; 

            pile_size_preDML(ind1) = pile_size(ind1-1) + accepted_feedstock; 
        else 

            % Accept full truckload 

            accepted_feedstock = og_input(ind1); 
            denied_feedstock = 0; 

            pile_size_preDML(ind1) = pile_size(ind1 - 1) + og_input(ind1); 
        end 

    end 

 
    % Reinitialize for each day 

    pile_counter(ind1) = og_input(ind1); 
    collected = 0; 

    cum_property = 0; 

    trash = 0; 
 

    for ind2 = ind1:-1:1 
        % ind2 represents all days leading up to current timestep 
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        [skip,cum_DML,collected,cum_property,pile_counter,trash] = 
FindDML(ind1,ind2,pile_counter,DML,cum_DML,max_time,cum_property,max_draw,timestep

,w_r,property_array,k,collected,trash,process_delay); 
 

        if skip 

            continue; % This is how to "GoToNext" in VBS 
        end 

    end 
 

    % Find pile size now that dry matter has been calculated 

    feedstock_out(ind1) = collected; 
    pile_size_postDML(ind1) = pile_size_preDML(ind1) - cum_DML(ind1); 

    pile_size(ind1) = pile_size_postDML(ind1) - collected - trash; 
 

    % Calculate feedstock in (amount bought includes denied feedstock 

    og_input(ind1) = accepted_feedstock + denied_feedstock; 
 

    % Calculate total output 
    if ind1 == 1 

        output_sum(ind1) = collected; 

    else 
        output_sum(ind1) = collected + output_sum(ind1 - 1); 

    end 
 

    % Calculate moisture content 

    if collected == 0 
        moisture(ind1) = 0; 

    else 
        moisture(ind1) = cum_property / collected; % fraction of water in ith days feedstock 

    end 

 
    % Calculate total feedstock discarded (due to age) and denied (due to storage constraints) 

    trash_counter(ind1) = trash + denied_feedstock; 
    trash_sum(ind1) = sum(trash_counter,"all"); 

 

end 

 

Homogeneous 

function [collected, og_input, output_sum, feedstock_out, pile_size, trash_counter, trash_sum, 

moisture, cum_DML,pile_counter] = 

Homogeneous(period,UL,q,og_input,DML,max_draw,timestep,w_r,property_array,k,collected,
max_storage,process_delay) 



178 

 

%Homogeneous Unpiling 
%This is the unpiling model 

 
% Initialize variables 

feedstock_out = zeros(1,q); 

pile_size = zeros(1,q); 
output_sum = zeros(1,q); 

cum_DML = zeros(1,q); 
trash_counter = zeros(1,q); 

trash_sum = zeros(1,q); 

contract_sum = 0; 
contract_count = 0; 

period_index = 1; 
accepted_feedstock = 0; 

denied_feedstock = 0; 

 
% Initialize moisture [%] and water in [tons] 

moisture(1) = property_array(1); 
 

% Loop through timestep 

for ind1 = 1:q 
    % ind1 represents the current timestep 

 
    % Set up contract. If upper limit (UL) reached, truckload not accepted 

    contract_count = contract_count + 1; 

    if contract_sum > UL 
        % If UL reached, reject truckload 

        og_input(ind1) = 0; 
    elseif contract_sum + og_input(ind1) > UL 

        % If truckload would overflow upper limit, accept partial truckload 

        og_input(ind1) = UL - contract_sum; 
        contract_sum = contract_sum + og_input(ind1); 

    else 
        % Accept full truckload 

        contract_sum = contract_sum + og_input(ind1); 

    end 
    % If end of period reached, reset period & sum 

    if contract_count == period(period_index) 
        contract_count = 0; 

        period_index = period_index + 1; 

        contract_sum = 0; 
    end 

 
    % Set pile size before DML or output to process. Previous pile size now has input from truck 

dump 
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    if ind1 == 1 
        if og_input(ind1) > max_storage 

            % If truckload would overflow maximum storage, accept partial truckload 
            accepted_feedstock = max_storage; 

            denied_feedstock = og_input(ind1) - accepted_feedstock; 

            og_input(ind1) = accepted_feedstock; 
            pile_size_preDML(ind1) = accepted_feedstock; 

        else 
            % Accept full truckload 

            accepted_feedstock = og_input(ind1); 

            denied_feedstock = 0; 
            pile_size_preDML(ind1) = og_input(ind1); 

        end 
    else 

        if pile_size(ind1-1)>max_storage 

            % If pile is greater than maximum storage, reject truckload 
            accepted_feedstock = 0; 

            denied_feedstock = og_input(ind1) - accepted_feedstock; 
            og_input(ind1) = accepted_feedstock; 

            pile_size_preDML(ind1) = pile_size(ind1 - 1); 

        elseif pile_size(ind1-1) + og_input(ind1) > max_storage 
            % If truckload would overflow maximum storage, accept partial truckload 

            accepted_feedstock = max_storage - pile_size(ind1-1); 
            denied_feedstock = og_input(ind1) - accepted_feedstock; 

            og_input(ind1) = accepted_feedstock; 

            pile_size_preDML(ind1) = pile_size(ind1-1) + accepted_feedstock; 
        else 

            % Accept full truckload 
            accepted_feedstock = og_input(ind1); 

            denied_feedstock = 0; 

            pile_size_preDML(ind1) = pile_size(ind1 - 1) + og_input(ind1); 
        end 

    end 
 

    % Set amount in "bucket" (pile_counter) equal to input 

    pile_counter(ind1) = og_input(ind1); 
 

    % Step 1: Find collected (will remove from buckets in loop) 
    % If processes delay, collect nothing 

    if ind1 < process_delay 

        collected = 0; 
    else 

        collected = min(pile_size_preDML(ind1), max_draw); 
    end 

    % Determine how much to remove from each bucket [%] 
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    if pile_size_preDML(ind1) == 0 
        percent = 1; 

    else 
        percent = collected / pile_size_preDML(ind1); 

    end 

 
    if percent > 1 

        percent = 1; 
    end 

 

    for ind2 = 1:ind1 % direction of j loop doesn't matter, equal percentage removed from all 
buckets 

        ij = ind1 - ind2; 
 

        %Calculate DML for each timestep 

        if pile_counter(ind2) < 0 
            % This bucket is empty, go to next bucket 

            continue 
        elseif ij == 0 

            % Step 1b: Remove collected from bucket 

            pile_counter(ind2) = pile_counter(ind2) - pile_counter(ind2)*percent; 
            DML_total = 0; 

        else 
            % Step 1b: Remove collected from bucket 

            pile_counter(ind2) = pile_counter(ind2) - pile_counter(ind2)*percent; 

            % Step 2: Calculate DML 
            DML_total = pile_counter(ind2) * DML(ij); 

        end 
 

        % Calculate total DML 

        cum_DML(ind1) = cum_DML(ind1) + DML_total; 
 

        % Step 3: Remove DML from bucket 
        pile_counter(ind2) = pile_counter(ind2) - DML_total; 

 

        % Step 4: Remove expired feedstock 
        % Homogeneous does not have expired feedstock as feedstock is purely blended together 

and thus cannot be removed 
        trash = 0; 

 

        % Print to check 
        %col_start = col_num2str(ind2+1); 

        %row_start = ind1 + 29; 
        %range = sprintf('%s%d:%s%d',col_start , row_start, col_start , row_start); 

        %writematrix(pile_counter(ind2), filename, 'Sheet', sheetname, 'Range', range); 
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    end 
 

    % Find pile size now that dry matter has been calculated 
    feedstock_out(ind1) = collected; 

    pile_size_postDML(ind1) = pile_size_preDML(ind1) - cum_DML(ind1); 

    pile_size(ind1) = pile_size_postDML(ind1) - collected - trash; 
 

    % Calculate feedstock in (amount bought includes denied feedstock 
    og_input(ind1) = accepted_feedstock + denied_feedstock; 

 

    % Calculate total output 
    if ind1 == 1 

        output_sum(ind1) = collected; 
    else 

        output_sum(ind1) = collected + output_sum(ind1 - 1); 

    end 
 

    % Determine moisture content of pile after decay 
    % Note that w_hat equation is based on w_ini and thus can be used timestep to timestep. Thus 

t = timestep 

    % Convert w_ini_decay into dry basis 
    if ind1 == 1 

        w_ini = moisture(ind1)/(1 - moisture(ind1)); 
    else 

        w_ini = moisture(ind1 - 1) / (1 - moisture(ind1 - 1)); %this is the dry basis incoming 

moisture content 
    end 

 
    w_hat_decay = (w_ini - w_r) * exp(-k(ind1) * timestep) + w_r; 

    % Convert from dry basis to wet basis 

    decay = w_hat_decay / (1 + w_hat_decay); 
 

 
    % Determine water weight in and out of the pile 

    if ind1 == 1 

        moisture(ind1) = property_array(1); 
    elseif (pile_size(ind1 - 1) + og_input(ind1)) == 0 

        moisture(ind1) = 0; 
    else 

        moisture(ind1) = (og_input(ind1) * property_array(ind1) + pile_size(ind1 - 1) * decay) / 

(pile_size(ind1 - 1) + og_input(ind1)); 
    end 

 
    % Calculate total feedstock discarded (due to age, NA for HG) and denied (due to storage 

constraints) 
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    trash_counter(ind1) = trash + denied_feedstock; 
    trash_sum(ind1) = sum(trash_counter,"all"); 

 
end 

 

FindDML 

function [skip,cum_DML,collected,cum_property,pile_counter,trash] = 

FindDML(ind1,ind2,pile_counter,DML,cum_DML,max_time,cum_property,max_draw,timestep
,w_r,property_array,k,collected,trash,process_delay) 

% Find dry matter loss in pile 

 
% Initialize variables 

ij = ind1 - ind2; 
 

% Step 1: Find collected & remove from bucket (also start finding moisture content) 

% Find feedstock available to enter process and moisture content 
[collected,cum_property,pile_counter] = 

FindProp(ind1,ind2,pile_counter,cum_property,max_draw,timestep,w_r,property_array,k,collect
ed,process_delay); 

 

% Step 2: Calculate DML for each timestep 
if pile_counter(ind2) < 0 

    % This bucket is empty, go to next bucket 
    skip = true; 

    return; 

elseif ij == 0 
    skip = false; 

    DML_total = 0; 
else 

    skip = false; 

    DML_total = pile_counter(ind2) * DML(ij); 
end 

 
% Calculate total DML 

cum_DML(ind1) = cum_DML(ind1) + DML_total; 

 
% Step 3: Remove DML from bucket 

pile_counter(ind2) = pile_counter(ind2) - DML_total; 
 

% Step 4: Remove expired feedstock 

if ij >= max_time 
    trash = pile_counter(ind2) + trash; 
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    pile_counter(ind2) = 0; 
end 

 
end 

 

FindProp 

function [collected,cum_property,pile_counter] = FindProp 

(ind1,ind2,pile_counter,cum_property,max_draw,timestep,w_r,property_array,k,collected,proces
s_delay) 

% Find cumulative water in pile 

 
% Preserve maximum draw amount 

preserve = max_draw; 
% Remainder to collect 

Remain = max_draw - collected; 

 
% If processes delay, collect nothing 

if ind1 < process_delay 
    max_draw = 0; 

    x= 0; 

    collected = 0; 
else 

    max_draw = preserve; 
    % If there's more than max_draw, take max_draw, else take what's available, i.e. 

pile_counter(j) 

    x = min(pile_counter(ind2), Remain); 
    collected = collected + x; 

end 
 

% Calculate what is left in the pile from the jth day 

pile_counter(ind2) = pile_counter(ind2) - x; 
%pile_counter(ind1,ind2+1) = pile_counter(ind1,ind2); 

 
%Find initial gravimetric moisture (which is wet mass/dry mass) 

w_ini = property_array(ind2) / (1 - property_array(ind2)); %this is the dry basis incoming 

moisture content 
 

% Find how long this portion of pile has been sitting 
ij = ind1 - ind2; 

T = timestep * ij; 

 
% Find gravimetric moisture per Reference [1] 
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w_hat = (w_ini - w_r) * exp(-k(ind1) * T) + w_r; 
 

% Set property as mix of used timesteps and decay as necessary 
property = x * w_hat / (1 + w_hat); %tons of water 

cum_property = cum_property + property; %tons of water 

 
% End once maximum amount of input is reach 

% This may be max_draw or may be all feedstock available 
if collected == max_draw 

    return 

end 
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Appendix D 

Appendix D contains further cost equations. More information on the original CREST 

model can be found at Gifford et al. (2011) and National Renewable Energy Laboratory (n.d.-a). 

𝐶𝐶𝐹 = 𝐶𝐴𝑃𝑋 +∑(𝑅 + 𝑆 + 𝑂&𝑀 + 𝑇)

𝑁

𝑡=1

 Eq. (4.1) 

𝑅 =  ∑(𝐶𝑜𝑛𝑡𝑟𝑎𝑐𝑡 𝑃𝑒𝑛𝑎𝑙𝑡𝑖𝑒𝑠 + 𝐺𝑟𝑎𝑛𝑡𝑠 &𝑇𝑎𝑥 𝐵𝑒𝑛𝑒𝑓𝑖𝑡𝑠 + 𝑆𝑜𝑙𝑑 𝑃𝑟𝑜𝑑𝑢𝑐𝑡

𝑁

𝑡=1

+ 𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡) 

Eq. (D.1) 

𝐶𝑜𝑛𝑡𝑟𝑎𝑐𝑡 𝑃𝑒𝑛𝑎𝑙𝑡𝑖𝑒𝑠 =  ∑ {
𝑖𝑓 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑓𝑒𝑒𝑑𝑠𝑡𝑜𝑐𝑘 ≥ 𝐿𝐿, 0

𝑖𝑓 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 < 𝐿𝐿, 𝑂𝐶
𝑡𝑖𝑚𝑒𝑓𝑟𝑎𝑚𝑒

 Eq. (D.2) 

𝐺𝑟𝑎𝑛𝑡𝑠 & 𝑇𝑎𝑥 𝐵𝑒𝑛𝑒𝑓𝑖𝑡𝑠 = 0 Eq. (D.3) 

𝑆𝑜𝑙𝑑 𝑃𝑟𝑜𝑑𝑢𝑐𝑡 =  ∑ (𝐶𝑡𝑄𝑡𝐹𝐵)

𝑃𝑟𝑜𝑑𝑢𝑐𝑡

 Eq. (D.4)4 

𝐹𝐵 = (1 + 𝑟)
𝑡−1 Eq. (D.5) 

{
 
 

 
 𝑅 =  ∑(𝑆 + 𝑂&𝑀 + 𝑇) + 𝐶𝐴𝑃𝑋

𝑁

𝑡=1

𝑆𝑜𝑙𝑑 𝑃𝑟𝑜𝑑𝑢𝑐𝑡 =  ∑(𝑄𝑡,𝑏𝑖𝑜𝑐𝑟𝑢𝑑𝑒𝐶1,𝑏𝑖𝑜𝑐𝑟𝑢𝑑𝑒𝐹𝑏𝑖𝑜𝑐𝑟𝑢𝑑𝑒 + 𝑄𝑡,𝑔𝑎𝑠𝐶1,𝑔𝑎𝑠𝐹𝑔𝑎𝑠)

𝑁

𝑡=1

 Eq. (D.6) 

𝑀𝐹𝑆𝑃 =  
1

𝑁
∑𝐶1𝐹

𝑁

𝑡=1

 Eq. (D.7) 

The minimum fuel selling price (MFSP) is the average cost of biocrude over the life of the 

biocrude conversion facility. The initial cost of biocrude, C1, can be found iteratively such that the 

cumulative cash flow is zero. MFSP is then the average of the yearly biocrude cost. More 

 

4 Product in this case is biogas and biocrude, however the model can be adjusted to sell aqueous 

solution, char, ash, and excess feedstock as well. 
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information about reserves, interest, escalation factor, and other costs can be found in CREST 

documentation at Gifford et al. (2011) and National Renewable Energy Laboratory (n.d.-a). 
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Appendix E 

Appendix E contains cost lists values used in the cost model. Table D1 shows general 

inputs, while Table E2 shows location dependent inputs. 

Input Value Units Reference(s) 

Project Useful Life 20 years - 

Inflation 2.1 %/year US Inflation Calculator (2024) 

Insurance (% FCI) 0.7 % Knorr et al. (2013), Ong et al. (2018) 

Land Lease (% 

PEC) 

6.0 % Ong et al. (2018), Ou et al. (2015) 

Footprint 17 ft2/ton 
feedstock/ 

year 

Arbios Biotech (2024) 

Project Management 2675.19 $/ton 

feedstock/ 

year 

DeRose et al. (2019), Knorr et al. (2013), 

Magdeldin et al. (2017), Ong et al. (2018), 

Ou et al. (2015), Tews et al. (2014) 

Operating Hours 7884 hr/year Knorr et al. (2013) 

Electricity Usage 2.832 kW/ton 
feedstock/ 

year 

Knorr et al. (2013) 

Natural Gas Usage 982.128 thousand 
ft3/ton 

feedstock/ 
year 

Knorr et al. (2013) 

Natural Gas Cost 

Escalation Factor 
Rate 

2.0 %/year US Inflation Calculator (2024) 

% of Solids Ash 41.41 % of solid 
residue is 

ash 

Cheng et al. (2010), DeRose et al. (2019), 
Elliott et al. (2015), Gollakota et al. (2018), 

Jiang et al. (2018), Magdeldin et al. (2017), 

Ong et al. (2018), Pedersen et al. (2016), 
Tews et al. (2014), Xu & Etcheverry (2008), 

Zhong & Wei (2004) 

Ash Disposal Cost 

Escalation Factor 

Rate 

2.0 %/year US Inflation Calculator (2024) 

% of Solids Char 58.59 % of solid 

residue is 
char 

Cheng et al. (2010), Knorr et al. (2013), 

Magdeldin et al. (2018), Meryemoğlu et al. 
(2014), Ong et al. (2018), Tews et al. (2014) 
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Char Disposal Cost 
Escalation Factor 

Rate 

2.0 %/year US Inflation Calculator (2024) 

Feedstock Price 69 $/ton 

feedstock 

Correspondence with Ashwani Gupta, Ong 

et al. (2018), Pedersen et al. (2016) 

Feedstock Cost 
Escalation Factor 

Rate 

0.0 %/year - 

Solvent Price 0.337 $/kg 

solvent 

ChemAnalyst (n.d.) 

Solvent Cost 
Escalation Factor 

Rate 

-3.0 %/year ChemAnalyst (n.d.) 

Truck Driver 

Working Hours 

1848 hrs/yr Eads (2024) 

Truck Capacity 50 m3/truck Knorr et al. (2013) 

Average Truck 

Travel Speed 

50 mph - 

Average Truck Fuel 

Efficiency 

6.8 mpg Alternative Fuels Data Center (n.d.) 

Ash Density 1875 kg/m3 Bodí et al. (2014), Karkanas (2021) 

Char Density 1875 kg/m3 Bodí et al. (2014), Karkanas (2021) 

Feedstock Density 345 kg/m3 Knorr et al. (2013) 

Construction Period 30 months Billing et al. (2017), Ong et al. (2018), Ou 

et al. (2015), Tews et al. (2014)  

Construction Annual 
Interest Rate 

11.0 %/year Tews et al. (2014) 

Debt % 0 % Magdeldin et al. (2017), Ou et al. (2015), 
Zhu et al. (2014) 

Equity % 100 % Magdeldin et al. (2017), Ou et al. (2015), 

Zhu et al. (2014) 

IRR 10 %/year Billing et al. (2017), DeRose et al. (2019), 

Jones et al. (2014), Ou et al. (2015) 

Federal Income Tax 

Rate 

35 % Deloitte (n.d.) 

Gas Sale Price 0.000154 $/kg Intratec (n.d.), Mustafa et al. (2017) 

Gas Price Escalation 

Factor Rate 

2.0 %/year US Inflation Calculator (2024) 

Market Value 

Escalation Rate Rate 

2.1 %/year US Inflation Calculator (2024) 

Interest on All 
Reserves 

5 % - 

Table E1: Location-independent cost model values 
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Input Oregon Iowa Maryland Units References 

Electricity 

Expense 

0.0766 0.0859 0.1002 $/kWh U.S. Energy 

Information 
Administration 

(2024a) 

Natural Gas 
Expense 

4.54 8.42 10.22 $/thousand ft3 U.S. Energy 
Information 

Administration 
(2024b-d) 

Sewer 

Expenses – 
Variable 

0.0069 0.0016 0.0035 $/kg Baltimore City 

Department of 
Public Works 

(n.d.); City of 
Bend (n.d.); 

City of Boone, 

Iowa (n.d.-b) 

Sewer 

Expenses – 
Fixed 

Varied on 

meter size 

Varied on 

meter size 

Varied on 

meter size 

$/yr Baltimore City 

Department of 
Public Works 

(n.d.); City of 

Bend (n.d.); 
City of Boone, 

Iowa (n.d.-b) 

Sewer 

Expense 

Escalation 
Factor Rate 

2.0 2.0 2.0 %/year US Inflation 

Calculator 

(2024) 

Water 
Expenses – 

Variable 

0.0008 0.0019 0.0013 $/kg Baltimore City 
Department of 

Public Works 

(n.d.); City of 
Bend (n.d.); 

City of Boone, 
Iowa (n.d.-a) 

Water 

Expenses – 
Fixed 

Varied on 

meter size 

Varied on 

meter size 

Varied on 

meter size 

$/yr Baltimore City 

Department of 
Public Works 

(n.d.); City of 
Bend (n.d.); 

City of Boone, 

Iowa (n.d.-a) 

Water 

Expense 

2.0 2.0 2.0 %/year US Inflation 

Calculator 
(2024) 
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Escalation 
Factor Rate 

Ash Disposal 0.0021 0.0419 0.2205 $/kg Baltimore 
County 

Government 

(n.d.); Boone 
County, Iowa 

(n.d.); Oregon 
Department of 

Environmental 

Quality (n.d.) 

Char 

Disposal 

0.0021 0.0419 0.2205 $/kg Baltimore 

County 
Government 

(n.d.); Boone 

County, Iowa 
(n.d.); Oregon 

Department of 
Environmental 

Quality (n.d.) 

Feedstock 
Disposal 

1.89 38 65 $/ton Baltimore 
County 

Government 
(n.d.); Boone 

County, Iowa 

(n.d.); Oregon 
Department of 

Environmental 
Quality (n.d.) 

Property Tax 16.7435 38.26109 2.248 % of land lease Maryland 

Department of 
Assessments 

and Taxation 
(2024); Boone 

County 

Treasurer, 
personal 

communication; 
Deschutes 

County 

Assessor's 
Office, personal 

communication 

Truck Driver 

Salary 

102045 90671 99155 $/truck/yr Indeed (n.d.-a-

c) 
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Disposal 
Distance 

5.50 1.75 9.00 mi Estimated from 
Google Maps 

Disposal 
Time 

0.47 0.30 0.77 hr Estimated from 
Google Maps 

Gas Price 3.27 2.82 3.13 $/gal AAA Fuel 

Prices (n.d. -a-
c) 

State Income 
Tax 

≤ $1 mil, 
6.6% 

> $1 mil, 

7.6% 

≤ $100k, 
5.5% 

> $100k, 

7.1% 

8.25 % Comptroller of 
Maryland 

(n.d.); Iowa 

Department of 
Revenue (n.d.); 

Legislative 
Revenue Office 

(2023); 

Maryland 
Department of 

Commerce 
(n.d.); Tax 

Foundation 

(n.d.-a,b) 
Table E2: Location-independent cost model values  



192 

 

References 

AAA Fuel Prices. (n.d.-a). Iowa average gas prices. https://gasprices.aaa.com/?state=IA 

AAA Fuel Prices. (n.d.-b). Maryland average gas prices. https://gasprices.aaa.com/?state=MD 

AAA Fuel Prices. (n.d.-c). Oregon average gas prices. https://gasprices.aaa.com/?state=OR 

Agblevor, F. A., Besler, S., & Wiselogel, A. E. (1995). Fast pyrolysis of stored biomass 

feedstocks. Energy & Fuels, 9(4), 635–640. https://doi.org/10.1021/ef00053a013 

Ahmadinia, S., Palviainen, M., Kiuru, P., Routa, J., Sikanen, L., Urzainki, I., & Laurén, A. 

(2022). Forest chip drying in self-heating piles during storage as affected by temperature 
and relative humidity conditions. Fuel, 324, 124419. 

https://doi.org/10.1016/j.fuel.2022.124419 

Al-Jarallah, R., & Aleisa, E. (2014). A baseline study characterizing the municipal solid waste in 

the state of Kuwait. Waste Management, 34, 952–960. 

https://doi.org/10.1016/j.wasman.2014.02.015  

Alcazar-Ruiz, A., Ortiz, M. L., Dorado, F., & Sanchez-Silva, L. (2022). Gasification versus fast 

pyrolysis bio-oil production: A life cycle assessment. Journal of Cleaner Production, 336, 

130373. https://doi.org/10.1016/j.jclepro.2022.130373 

Allen, M. R., Dube, O. P., Solecki, W., Aragón-Durand, F., Cramer, W., Humphreys, S., 

Kainuma, M., Kala, J., Mahowald, N., Mulugetta, Y., Perez, R., Wairiu, M., & Zickfeld, K. 

(2018). Framing and context. In V. Masson-Delmotte, P. Zhai, H.-O. Pörtner, D. Roberts, 
J. Skea, P. R. Shukla, A. Pirani, W. Moufouma-Okia, C. Péan, R. Pidcock, S. Connors, J. 

B. R. Matthews, Y. Chen, X. Zhou, M. I. Gomis, E. Lonnoy, T. Maycock, M. Tignor, & T. 
Waterfield (Eds.), Global warming of 1.5°C (pp. 49–92). Cambridge University Press. 

https://doi.org/10.1017/9781009157940.003 

Alternative Fuels Data Center. (n.d.). Average fuel economy by major vehicle category. Maps 

and Data. https://afdc.energy.gov/data/10310 

Anerud, E., & Eriksson, A. (2021). Evaluation of an improved design for large-scale storage of 
wood chip and bark. Biomass and Bioenergy, 154, 106255. 

https://doi.org/10.1016/j.biombioe.2021.106255 



193 

 

Anerud, E., Larsson, G., & Eliasson, L. (2020). Storage of wood chips: Effect of chip size on 

storage properties. Croatian Journal of Forest Engineering, 41(2), 277–286. 

Arbios Biotech. (2024). Chuntoh Ghuna. https://arbiosbiotech.com/chuntoh-ghuna-pg 

Argonne National Laboratory (ANL), National Renewable Energy Laboratory (NREL), & 

Pacific Northwest National Laboratory (PNNL). (2021). 2017 algae harmonization study: 
Evaluating the potential for future algal biofuel costs, sustainability, and resource 

assessment from harmonized modeling (NREL/TP-5100-70715). National Renewable 

Energy Laboratory. https://www.nrel.gov/docs/fy18osti/70715.pdf 

Baltimore City Department of Public Works. (n.d.). FY 2023–2025 water/sewer/stormwater 

rates. https://publicworks.baltimorecity.gov/proposed-rates 

Baltimore County Government. (n.d.). Trash and recycling drop-off centers. 

https://www.baltimorecountymd.gov/departments/public-works/solid-waste/drop-off-

centers 

Barron, J. (2025). Brent crude oil prices traded in a narrow range in 2024. 

https://www.eia.gov/todayinenergy/detail.php?id=64144 

Bautista-Peñuelas, E., Macías, J. D., Villafán-Vidales, H. I., Valadés-Pelayo, P. J., Arcelus-

Arrillaga, P., Ayala-Cortés, A., Cedano-Villavicencio, K., Arancibia-Bulnes, C. A., & 
Peña-Cruz, M. I. (2023). Hydrothermal liquefaction of wood wastes in a concentrating 

solar plant: A techno-economic analysis. Energy Conversion and Management, 282, 

116861. https://doi.org/10.1016/j.enconman.2023.116861 

Belart, F., Sessions, J., & Murphy, G. (2019). Seasonal changes in live tree branch moisture in 

Oregon, USA: Four case studies. Forest Science, 65(1), 100–107. 

https://doi.org/10.1093/forsci/fxy038 

Bergman, R. (2021). Chapter 13: Drying and Control of Moisture Content and Dimensional 
Changes. In Wood handbook—wood as an engineering material. General Technical Report 

FPL-GTR-282. essay, U.S. Department of Agriculture, Forest Service, Forest Products 

Laboratory.  

Billing, J., Hallen, R., Schmidt, A., & Snowden-Swan, L. (2017). DOE Bioenergy Technologies 

Office (BETO) 2017 project peer review: Hydrothermal processing of biomass. Pacific 

Northwest National Laboratory. 

https://www.pnnl.gov/main/publications/external/technical_reports/PNNL-27186.pdf 



194 

 

Biofuel Basics. (n.d.). U.S. Department of Energy, Office of Energy Efficiency & Renewable 

Energy. https://www.energy.gov/eere/bioenergy/biofuel-basics 

Bodí, M. B., Martin, D. A., Balfour, V. N., Santín, C., Doerr, S. H., Pereira, P., Cerdà, A., & 

Mataix-Solera, J. (2014). Wildland fire ash: Production, composition, and eco-hydro-
geomorphic effects. Earth-Science Reviews, 130, 103–127. 

https://doi.org/10.1016/j.earscirev.2013.12.007 

Böhm, E., Backhaus, C., Eggert, A., & Cummins, T. (2016). Understanding outcome-based 

contracts: Benefits and risks from the buyers’ and sellers’ perspective. Journal of Strategic 

Contracting and Negotiation, 2(1-2), 128–149. https://doi.org/10.1177/2055563616669740 

Boone County, Iowa. (n.d.). Fees. Landfill & recycling services. 

https://boonecounty.iowa.gov/landfill_recycling_services/fees/ 

Braz, A., Mateus, M. M., Santos, R. G. dos, Machado, R., Bordado, J. M., & Correia, M. J. N. 
(2019). Modelling of pine wood sawdust thermochemical liquefaction. Biomass and 

Bioenergy, 120, 200–210. https://doi.org/10.1016/j.biombioe.2018.11.001  

Brouk, A. (2024). Wood pellet manufacturing in the South harms communities and the 

environment. https://earthjustice.org/experts/allison-brouk/wood-pellet-manufacturing-in-

the-south-harms-communities-and-the-environment  

Bruck, M., Sandborn, P., & Goudarzi, N. (2018). A levelized cost of energy (LCOE) model for 

wind farms that include power purchase agreements (PPAs). Renewable Energy, 122, 131-

139. https://doi.org/10.1016/j.renene.2017.12.100 

Bruck, M., & Sandborn, P. (2021). Pricing bundled renewable energy credits using a modified 

LCOE for power purchase agreements. Renewable Energy, 170, 224–235. 

https://doi.org/10.1016/j.renene.2021.01.127 

Business Plan Templates. (2025). How much does a biofuel owner make? https://businessplan-

templates.com/blogs/owners-make/biofuel  

Capelo, C. (2011). Modeling the diffusion of energy performance contracting. In Proceedings of 

the 29th International Conference of the System Dynamics Society. Universidade Lusofona 

- FEG. 

Capuano, L. (2020). U.S. Energy Information Administration’s International Energy Outlook 

2020 (IEO2020). U.S. Energy Information Administration. 

https://www.energy.gov/eere/bioenergy/biofuel-basics


195 

 

Castello, D., Pedersen, T. H., & Rosendahl, L. A. (2018). Continuous hydrothermal liquefaction 

of biomass: A critical review. Energies, 11, 3165. https://doi.org/10.3390/en11113165  

Catanoso, J. (2022). Whistleblower: Enviva claim of “being good for the planet... all nonsense.” 

https://news.mongabay.com/2022/12/envivas-biomass-lies-whistleblower-account/  

Catanoso, J. (2023). Enviva, the world’s largest biomass energy company, is near collapse. 
https://news.mongabay.com/2023/11/enviva-the-worlds-largest-biomass-energy-company-

is-near-collapse/  

Catanoso, J. (2024). Enviva bankruptcy fallout ripples through biomass industry, U.S. and EU. 

https://news.mongabay.com/2024/04/enviva-bankruptcy-fallout-ripples-through-biomass-

industry-u-s-and-eu/  

Cecílio, D. M., Gonçalves, J. R. M., Correia, M. J. N., & Mateus, M. M. (2023). Aspen Plus® 

Modeling and simulation of an industrial biomass direct liquefaction process. Fuels, 4, 

221–242. https://doi.org/10.3390/fuels4020014  

Chaiken, B., Duggan, J. E., & Sioshansi, R. (2021). Paid to produce absolutely nothing? A Nash-

Cournot analysis of a proposed power purchase agreement. Energy Policy, 156, 112371. 

https://doi.org/10.1016/j.enpol.2021.112371 

ChemAnalyst. (n.d.). Soda ash price trend and forecast. https://www.chemanalyst.com/Pricing-

data/soda-ash-76 

Chen, Y.-C., & Liu, H.-M. (2021). Evaluation of greenhouse gas emissions and the feed-in tariff 

system of waste-to-energy facilities using a system dynamics model. Science of The Total 

Environment, 792, 148445. https://doi.org/10.1016/j.scitotenv.2021.148445 

Cheng, S., D’cruz, I., Wang, M., Leitch, M., & Xu, C. (2010). Highly efficient liquefaction of 

woody biomass in hot-compressed alcohol−water co-solvents. Energy & Fuels, 24, 4659–

4667. https://doi.org/10.1021/ef901218w  

Chevron. (n.d.). What’s in a barrel of oil? https://elsegundo.chevron.com/what-we-do/whats-in-

a-barrel-of-oil  

City of Bend. (n.d.). Rates and charges. https://www.bendoregon.gov/services/utility-

billing/rates-and-charges 



196 

 

City of Boone, Iowa. (n.d.-a). Ordinance No. 2283: An ordinance amending §92.02 “rates for 
service” by increasing the water rates for service inside the city and outside the city. 

https://www.boonegov.com/egov/documents/1683927097_80209.pdf 

City of Boone, Iowa. (n.d.-b). Ordinance No. 2284: An ordinance setting new sewer rates for the 

city of Boone. https://www.boonegov.com/egov/documents/1683927442_8242.pdf 

Comptroller of Maryland. (n.d.). Business income tax information. 

https://www.marylandtaxes.gov/business/income/tax-information.php 

Crespo Marquez, A., & Blanchar, C. (2004). The procurement of strategic parts. Analysis of a 

portfolio of contracts with suppliers using a system dynamics simulation model. 
International Journal of Production Economics, 88, 29–49. https://doi.org/10.1016/s0925- 

5273(03)00177-4 

Czachor, E. M. (2025). Strait of Hormuz could be vulnerable to Iran retaliation. Here's what to 
know about the vital oil trade route. CBS News. https://www.cbsnews.com/news/strait-of-

hormuz-iran-oil-trade-route-what-to-know/ 

de Puy Kamp, M. (2021). How marginalized communities in the South are paying the price for 

“green energy” in Europe. CNN. https://www.cnn.com/interactive/2021/07/us/american-

south-biomass-energy-invs/  

Deloitte. (n.d.). Oil and gas taxation in the United States: Deloitte taxation and investment 

guides. 

Denafas, G., Ruzgas, T., Martuzevičius, D., Shmarin, S., Hoffmann, M., Mykhaylenko, V., 
Ogorodnik, S., Romanov, M., Neguliaeva, E., Chusov, A., Turkadze, T., Bochoidze, I., & 

Ludwig, C. (2014). Seasonal variation of municipal solid waste generation and 

composition in four East European cities. Resources, Conservation and Recycling, 89, 22–

30. https://doi.org/10.1016/j.resconrec.2014.06.001  

DeRose, K., DeMill, C., Davis, R. W., & Quinn, J. C. (2019). Integrated techno economic and 

life cycle assessment of the conversion of high productivity, low lipid algae to renewable 

fuels. Algal Research, 38, 101412. https://doi.org/10.1016/j.algal.2019.101412 

Dimitriadis, A., & Bezergianni, S. (2017). Hydrothermal liquefaction of various biomass and 

waste feedstocks for biocrude production: A state of the art review. Renewable and 

Sustainable Energy Reviews, 68, 113–125. https://doi.org/10.1016/j.rser.2016.09.120 

https://doi.org/10.1016/j.rser.2016.09.120


197 

 

Eads, A. (Ed.). (2024). How many work hours are in a year? Indeed. 
https://www.indeed.com/career-advice/career-development/how-many-work-hours-in-a-

year 

Earthjustice. (n.d.). Iowa and Coal Ash Disposal in Ponds and Landfills. 

https://earthjustice.org/wp-content/uploads/ia-coal-ash-factsheet-0412.pdf  

Eclipse, Inc. (2004). Engineering guide (10th ed.). 

Eisenbies, M. H., Volk, T. A., & Patel, A. (2016). Changes in feedstock quality in willow chip 

piles created in winter from a commercial scale harvest. Biomass and Bioenergy, 86, 180–

190. https://doi.org/10.1016/j.biombioe.2016.01.010 

Elliott, D. C., Biller, P., Ross, A. B., Schmidt, A. J., & Jones, S. B. (2015). Hydrothermal 
liquefaction of biomass: Developments from batch to continuous process. Bioresource 

Technology, 178, 147–156. https://doi.org/10.1016/j.biortech.2014.09.132  

Energy Education. (n.d.). Barrels of oil equivalent. 

https://energyeducation.ca/encyclopedia/Barrels_of_oil_equivalent  

Environmental Protection Agency. (1999). Characterization of municipal solid waste in the 

United States: 1998 update. EPA. 

https://archive.epa.gov/epawaste/nonhaz/municipal/web/pdf/98charac.pdf, pg. 64 

Environmental Protection Agency. (2016). Municipal solid waste. EPA. 

https://archive.epa.gov/epawaste/nonhaz/municipal/web/html/index.html 

Environmental Protection Agency. (2020). Advancing sustainable materials management: 2018 

fact sheet. EPA. https://www.epa.gov/facts-and-figures-about-materials-waste-and-

recycling/advancing-sustainable-materials-management 

Environmental Protection Agency. (2022). Economics of biofuels. EPA. 

https://www.epa.gov/environmental-economics/economics-biofuels  

Environmental Protection Agency. (2024a). Coal ash reuse. https://www.epa.gov/coalash/coal-

ash-reuse  

Environmental Protection Agency. (2024b). History of the Resource Conservation and Recovery 

Act (RCRA). https://www.epa.gov/rcra/history-resource-conservation-and-recovery-act-rcra  

http://www.epa.gov/facts-and-figures-about-materials-waste-and-recycling/advancing-
http://www.epa.gov/facts-and-figures-about-materials-waste-and-recycling/advancing-


198 

 

Environmental Protection Agency. (2024c). National Overview: Facts and figures on materials, 
wastes and recycling. https://www.epa.gov/facts-and-figures-about-materials-waste-and-

recycling/national-overview-facts-and-figures-materials  

Environmental Protection Agency. (2024d). ROE Glossary. EPA. https://www.epa.gov/report-

environment/roe-glossary#m  

Environmental Protection Agency. (2025). Climate change indicators: Wildfires. 

https://www.epa.gov/climate-indicators/climate-change-indicators-wildfires 

Enviva Inc. (2022). Enviva reports fourth-quarter and full-year 2021 results, reaffirms 2022 

guidance, and announces new customer agreements. Enviva Inc. 
https://ir.envivabiomass.com/news/news-details/2022/Enviva-Reports-Fourth-Quarter-and-

Full-Year-2021-Results-Reaffirms-2022-Guidance-and-Announces-New-Customer-

Agreements/  

Francis, M., & Comstock, O. (2024). How has energy use changed throughout U.S. history? U.S. 

Energy Information Administration (EIA). 

https://www.eia.gov/todayinenergy/detail.php?id=62444 

Gan, J., & Smith, C. T. (2011). Optimal plant size and feedstock supply radius: A modeling 
approach to minimize bioenergy production costs. Biomass and Bioenergy, 35, 3350–3359. 

https://doi.org/10.1016/j.biombioe.2010.08.062  

Gejdoš, M., & Lieskovský, M. (2021). Wood chip storage in small scale piles as a tool to 

eliminate selected risks. Forests, 12(3), 289. https://doi.org/10.3390/f12030289 

Geronimo, C., Vergara, S. E., Chamberlin, C., & Fingerman, K. (2022). Overlooked emissions: 

Influence of environmental variables on greenhouse gas generation from woody biomass 

storage. Fuel, 319, 123839. https://doi.org/10.1016/j.fuel.2022.123839 

Gerveni, M., T. Hubbs and S. Irwin. (2023). The biodiesel profitability squeeze. farmdoc 
daily (13)85. Department of Agricultural and Consumer Economics, University of Illinois 

at Urbana-Champaign. https://farmdocdaily.illinois.edu/2023/05/the-biodiesel-profitability-

squeeze.html 

Gifford, J. S., Grace, R. C., & Rickerson, W. H. (2011). Renewable energy cost modeling: A 

toolkit for establishing cost-based incentives in the United States (NREL/SR-6A20-51093). 

National Renewable Energy Laboratory. https://docs.nrel.gov/docs/fy11osti/51093.pdf 



199 

 

Glass, S. V., & Zelinka, S. L. (2021). Chapter 4: Moisture relations and physical properties of 
wood. In Wood handbook: Wood as an engineering material (General Technical Report 

FPL-GTR-282). U.S. Department of Agriculture, Forest Service, Forest Products 
Laboratory. 

https://www.fpl.fs.usda.gov/documnts/fplgtr/fplgtr282/chapter_04_fpl_gtr282.pdf 

Gollakota, A. R. K., Kishore, N., & Gu, S. (2018). A review on hydrothermal liquefaction of 

biomass. Renewable and Sustainable Energy Reviews, 81, 1378–1392. 

https://doi.org/10.1016/j.rser.2017.05.178  

Grubic, T., & Jennions, I. (2018). Do outcome-based contracts exist? The investigation of 

power-by-the-hour and similar result-oriented cases. International Journal of Production 

Economics, 206, 209–219. https://doi.org/10.1016/j.ijpe.2018.10.004 

Hakkila, P. (1989). Utilization of residual forest biomass. Springer-Verlag. 

Hanc, A., Novak, P., Dvorak, M., Habart, J., & Svehla, P. (2011). Composition and parameters 

of household bio-waste in four seasons. Waste Management, 31, 1450–1460. 

https://doi.org/10.1016/j.wasman.2011.02.016  

Hartley, D. S., Thompson, D. N., & Cai, H., Woody Feedstocks 2020 State of Technology 

Report (2021). Idaho Falls, ID; Idaho National Laboratory.  

Hendalianpour, A., Liu, P., Amirghodsi, S., & Hamzehlou, M. (2022). Designing a system 

dynamics model to simulate criteria affecting oil and gas development contracts. Resources 

Policy, 78, 102822. https://doi.org/10.1016/j.resourpol.2022.102822 

Hoffmann, J., Rudra, S., Toor, S. S., Holm-Nielsen, J. B., & Rosendahl, L. A. (2013). 

Conceptual design of an integrated hydrothermal liquefaction and biogas plant for 

sustainable bioenergy production. Bioresource Technology, 129, 402–410. 

https://doi.org/10.1016/j.biortech.2012.11.051  

Honoré, P. A., Simoes, E. J., Moonesinghe, R., Kirbey, H. C., & Renner, M. (2004). Applying 

principles for outcomes-based contracting in a public health program. Journal of Public 
Health Management and Practice, 10(5), 451–457. https://doi.org/10.1097/00124784-

200409000-00013 

Hossain, T., Jones, D. S., Hartley, D. S., Thompson, D. N., Langholtz, M., & Davis, M. (2022). 

Nth-plant scenario for forest resources and short rotation woody crops: Biorefineries and 
depots in the contiguous US. Applied Energy, 325, 119881. 

https://doi.org/10.1016/j.apenergy.2022.119881  



200 

 

Hu, B., Leopold, A., & Pickl, S. (2014). Concept and prototype of a web tool for public–private 
project contracting based on a system dynamics model. Central European Journal of 

Operations Research, 23(2), 407–419. https://doi.org/10.1007/s10100-014-0378-z 

Hubbert, M. K. (1956). Nuclear energy and the fossil fuels. Shell Development Company, 

Exploration and Production Research Division. 

Indeed. (n.d.-c). Truck driver salary in Boone, IA. https://www.indeed.com/career/truck-

driver/salaries/Boone--IA 

Intratec. (n.d.). Syngas prices: Historical and current. https://www.intratec.us/chemical-

markets/syngas-price 

Iowa Department of Natural Resources. (2022). 2022 Iowa statewide material characterization 

study. Des Moines, IA. 

Iowa Department of Revenue. (n.d.). Iowa corporate income tax rates. 

https://revenue.iowa.gov/taxes/tax-guidance/business-income-tax/iowa-corporate-income-

tax-rates 

Iowa State University. (2025). Historical biofuel operating margins. Center for Agricultural and 

Rural Development (CARD). https://www.card.iastate.edu/tools/operating-margins/  

Irwin, S. (2022). 2021 was a devastating year for biodiesel production profits. farmdoc daily, 

12(21). Department of Agricultural and Consumer Economics, University of Illinois at 
Urbana-Champaign. https://farmdocdaily.illinois.edu/2022/02/2021-was-a-devastating-

year-for-biodiesel-production-profits.html 

JBEI. (n.d.). TEA/LCA tools & resources. https://lead.jbei.org/  

Jiang, W., Kumar, A., & Adamopoulos, S. (2018). Liquefaction of lignocellulosic materials and 
its applications in wood adhesives—a review. Industrial Crops and Products, 124, 325–

342. https://doi.org/10.1016/j.indcrop.2018.07.053  

Jones, S. B., Zhu, Y., Snowden-Swan, L. J., Anderson, D. B., Hallen, R. T., Schmidt, A. J., 

Albrecht, K. A., & Elliott, D. C. (2014). Whole algae hydrothermal liquefaction: 2014 
state of technology (DE-AC05-76RL01830). Pacific Northwest National Laboratory 

https://doi.org/10.2172/1165327 



201 

 

Jylhä, P., Ahmadinia, S., Hyvönen, J., Laurén, A., Prinz, R., Sikanen, L., & Routa, J. (2022). 
Self-heating, drying, and dry matter losses of stockpiled stemwood chips: The effect of 

ventilation. Energies, 15, 7094. https://doi.org/10.3390/en15197094 

Kang, S., Roh, J., & Jeon, E. (2020). Seasonal variation analysis method of GHG at municipal 

solid waste incinerator. Sustainability, 12, 7425. https://doi.org/10.3390/su12187425 

Karkanas, P. (2021). All about wood ash: Long term fire experiments reveal unknown aspects of 

the formation and preservation of ash with critical implications on the emergence and use 

of fire in the past. Journal of Archaeological Science, 135, 105476. 

https://doi.org/10.1016/j.jas.2021.105476 

Kenney, K. L., Smith, W. A., Gresham, G. L., & Westover, T. L. (2013). Understanding biomass 

feedstock variability. Biofuels, 4(1), 111–127. https://doi.org/10.4155/bfs.12.83  

Kinchin, C. (2020). BETO biofuels techno-economic analyses (TEA) database. BioEnergy 
Knowledge Discovery Framework. https://bioenergykdf.ornl.gov/content/beto-biofuels-tea-

database 

Knorr, D., Lukas, J., & Schoen, P. (2013). Production of advanced biofuels via liquefaction —

Hydrothermal liquefaction reactor design: April 5, 2013 (NREL/SR-5100-60462). 

National Renewable Energy Laboratory. https://www.nrel.gov/docs/fy14osti/60462.pdf  

Korkeamäki, L., & Kohtamäki, M. (2019). Ecosystem of outcome-based contracts: A complex of 

economic outcomes, availability and performance. Procedia CIRP, 83, 170–175. 

https://doi.org/10.1016/j.procir.2019.02.142 

Kougioumtzis, M. A., Karampinis, E., Grammelis, P., & Kakaras, E. (2021). Monitoring 

feedstock losses over five months storage of olive tree pruning hog fuel in piles: 

Comparison of covered vs. uncovered storage. Biomass and Bioenergy, 153, 106228. 

https://doi.org/10.1016/j.biombioe.2021.106228 

Kumar, A., Cameron, J. B., & Flynn, P. C. (2003). Biomass power cost and optimum plant size 

in western Canada. Biomass and Bioenergy, 24, 445–464. https://doi.org/10.1016/s0961-

9534(02)00149-6  

Leboreiro, J., & Hilaly, A. K. (2011). Biomass transportation model and optimum plant size for 

the production of ethanol. Bioresource Technology, 102, 2712–2723. 

https://doi.org/10.1016/j.biortech.2010.10.144  

https://doi.org/10.1016/j.biombioe.2021.106228


202 

 

Legislative Revenue Office. (2023). Oregon corporate excise and income tax:  2023 update. 

Salem, Oregon; State of Oregon Legislative Revenue Office. 

Liu, J., Liu, Y., & Wang, X. (2019). An environmental assessment model of construction and 

demolition waste based on system dynamics: A case study in Guangzhou. Environmental 
Science and Pollution Research, 27(30), 37237–37259. https://doi.org/10.1007/s11356-

019-07107-5 

Macchi, M., Farruku, K., Holgado, M., Negri, E., & Panarese, D. (2016). Economic and 

environmental impact assessment through system dynamics of technology-enhanced 
maintenance services. International Journal of Industrial and Systems Engineering, 23(1), 

36–56. https://doi.org/10.1504/ijise.2016.075806 

Magdeldin, M., Kohl, T., & Järvinen, M. (2017). Techno-economic assessment of the by-
products contribution from non-catalytic hydrothermal liquefaction of lignocellulose 

residues. Energy, 137, 679–695. https://doi.org/10.1016/j.energy.2017.06.166  

Magdeldin, M., Kohl, T., & Järvinen, M. (2018). Techno-economic assessment of integrated 

hydrothermal liquefaction and combined heat and power production from lignocellulose 
residues. Journal of Sustainable Development of Energy, Water and Environment Systems, 

6(1), 89–113. https://doi.org/10.13044/j.sdewes.d5.0177  

Malinauskaite, J., Jouhara, H., Czajczyńska, D., Stanchev, P., Katsou, E., Rostkowski, P., 
Thorne, R. J., Colón, J., Ponsá, S., Al-Mansour, F., Anguilano, L., Krzyżyńska, R., López, 

I. C., Vlasopoulos, A., & Spencer, N. (2017). Municipal solid waste management and 

waste-to-energy in the context of a circular economy and energy recycling in Europe. 

Energy, 141, 2013–2044. https://doi.org/10.1016/j.energy.2017.11.128 

Martin, L. (2022). Annual Energy Outlook 2022: Presentation to Electricity Advisory 

Committee. U.S. Energy Information Administration.  

Maryland Department of Assessments and Taxation. (2024). 2024-2025 tax rates. 

https://dat.maryland.gov/Documents/statistics/TaxRates_2024.pdf 

Maryland Department of Commerce. (n.d.). Taxes. https://commerce.maryland.gov/about/taxes 

Maryland Department of Planning, Projections and State Data Center. (2022). Preliminary 

historical and projected total population for Maryland’s jurisdictions. 

https://planning.maryland.gov/MSDC/Documents/popproj/PreliminaryTotalPopProj2050.p

df 



203 

 

Maryland Department of the Environment. (2009). Maryland solid waste management and 

diversion report: 2009 (Calendar year 2008 data). Baltimore, MD. 

Maryland Department of the Environment. (2010). Maryland solid waste management and 

diversion report: 2010 (Calendar year 2009 data). Baltimore, MD. 

Maryland Department of the Environment. (2011). Maryland solid waste management and 

diversion report: 2011 (Calendar year 2010 data). Baltimore, MD. 

Maryland Department of the Environment. (2012). Maryland solid waste management and 

diversion report: 2012 (Calendar year 2011 data). Baltimore, MD. 

Maryland Department of the Environment. (2013). Maryland solid waste management and 

diversion report: 2013 (Calendar year 2012 data). Baltimore, MD. 

Maryland Department of the Environment. (2015). Maryland solid waste management and 

diversion report: 2014 (Calendar year 2013 data). Baltimore, MD. 

Maryland Department of the Environment. (2018). Maryland solid waste management and 

diversion report: 2015 (Calendar year 2014 data). Baltimore, MD. 

Maryland Department of the Environment. (n.d.-a). Maryland solid waste management and 

diversion report: 2016 (Calendar year 2015 data). Baltimore, MD. 

Maryland Department of the Environment. (n.d.-b). Maryland solid waste management and 

diversion report: 2017 (Calendar year 2016 data). Baltimore, MD. 

Maryland Department of the Environment. (n.d.-c). Maryland solid waste management and 

diversion report: 2018 (CY17 data). Baltimore, MD. 

Maryland Department of the Environment. (n.d.-d). Maryland solid waste management and 

diversion report: 2019. Baltimore, MD. 

Maryland Department of the Environment. (n.d.-e). Maryland solid waste management and 

diversion report: 2020 (CY 2019 data). Baltimore, MD. 

Maryland Department of the Environment. (n.d.-f). Maryland solid waste management and 

diversion report: 2021 (CY20 data). Baltimore, MD. 



204 

 

Maryland Department of the Environment. (n.d.-g). Maryland solid waste management and 

diversion report: 2022 (CY 2021 data). Baltimore, MD. 

Maryland Department of the Environment. (n.d.-h). Maryland solid waste management and 

diversion report: 2023 (CY 2022 data). Baltimore, MD. 

Meryemoğlu, B., Hasanoğlu, A., Irmak, S., & Erbatur, O. (2014). Biofuel production by 
liquefaction of kenaf (Hibiscus cannabinus L.) biomass. Bioresource Technology, 151, 

278–283. https://doi.org/10.1016/j.biortech.2013.10.085  

Morecroft, J., & Robinson, S. (2014). Explaining puzzling dynamics: A comparison of system 

dynamics and discrete-event simulation. Discrete-Event Simulation and System Dynamics 

for Management Decision Making, 165–198. https://doi.org/10.1002/9781118762745.ch09 

Mustafa, A., Calay, R. K., & Mustafa, M. Y. (2017). A techno-economic study of a biomass 

gasification plant for the production of transport biofuel for small communities. Energy 

Procedia, 112, 529-536. https://doi.org/10.1016/j.egypro.2017.03.1111 

Naill, R. F., & Belanger, S. D. (1989). A system dynamics model for national energy policy 

planning. Computer-Based Management of Complex Systems, 423–433. 

https://doi.org/10.1007/978-3-642-74946-9_45 

National Renewable Energy Laboratory. (2019a). Biomass logistics model (BLM). Bioenergy 

Models. NREL. https://bioenergymodels.nrel.gov/models/6/ 

National Renewable Energy Laboratory. (2019b). Biomass scenario model (BSM). Bioenergy 

Models. NREL. https://bioenergymodels.nrel.gov/models/7/ 

National Renewable Energy Laboratory. (2019c). Competition for the use of biomass (CUB). 

Bioenergy Models. NREL. https://bioenergymodels.nrel.gov/models/21/ 

National Renewable Energy Laboratory. (2019d). Integrated biomass supply and logistics model 

(IBSAL). Bioenergy Models. NREL. https://bioenergymodels.nrel.gov/models/31/ 

National Renewable Energy Laboratory. (2019e). The greenhouse gases, regulated emissions, 

and energy use in technologies model (GREET). Bioenergy Models. NREL. 

https://bioenergymodels.nrel.gov/models/29/ 

National Renewable Energy Laboratory. (2019f). Waste-to-energy system simulation model 

(WESyS). Bioenergy Models. NREL. https://bioenergymodels.nrel.gov/models/44/ 



205 

 

National Renewable Energy Laboratory. (2020a). NREL Conversion TEA models (NREL-TEA). 

Bioenergy Models. NREL. https://bioenergymodels.nrel.gov/models/146/ 

National Renewable Energy Laboratory. (2020b). PNNL Conversion TEA Models (PNNL-TEA). 

Bioenergy Models. NREL. https://bioenergymodels.nrel.gov/models/147/ 

National Renewable Energy Laboratory. (n.d.-a). CREST: Cost of renewable energy spreadsheet 

tool. Energy Analysis. NREL. https://www.nrel.gov/analysis/crest.html 

National Renewable Energy Laboratory. (n.d.-b). Models list: Bioenergy models. NREL. 

https://bioenergymodels.nrel.gov/models/ 

Neilsberg Research. (2024a). Iowa population by year. https://www.neilsberg.com/insights/iowa-

population-by-year/ 

Neilsberg Research. (2024b). Maryland population by year. 

https://www.neilsberg.com/insights/maryland-population-by-year/ 

Neilsberg Research. (2024c). Oregon population by year. 

https://www.neilsberg.com/insights/oregon-population-by-year/ 

Nie, Y., & Bi, X. (2018). Life-cycle assessment of transportation biofuels from hydrothermal 
liquefaction of forest residues in British Columbia. Biotechnology for Biofuels, 11(23). 

https://doi.org/10.1186/s13068-018-1019-x  

Niska, J., Sandborn, P., Gupta, A., & Burra, K. R. (2024). Modeling the moisture content and dry 

matter loss in dynamic woody biomass storage piles with variable extraction. Renewable 

Energies, 2(2). https://doi.org/10.1177/27533735241273511 

North Carolina Department of Environmental Quality, Enviva Northampton Facility: 

Environmental Justice Impact Statement (2019). https://files.nc.gov/ncdeq/EJ/EJ-Report---

Enviva-Northampton.pdf 

Office of Energy Efficiency & Renewable Energy. (n.d.). Biofuel basics. EERE. 

https://www.energy.gov/eere/bioenergy/biofuel-basics 

Ong, B. H. Y., Walmsley, T. G., Atkins, M. J., & Walmsley, M. R. W. (2018). Hydrothermal 

liquefaction of Radiata Pine with Kraft black liquor for integrated biofuel production. 
Journal of Cleaner Production, 199, 737–750. 

https://doi.org/10.1016/j.jclepro.2018.07.218  

http://www.nrel.gov/analysis/crest.html
http://www.energy.gov/eere/bioenergy/biofuel-basics


206 

 

Oregon Department of Environmental Quality. (n.d.). Solid waste disposal fees. 

https://www.oregon.gov/deq/mm/Documents/swFeeChangesFS.pdf 

Oregon Office of Economic Analysis. (n.d.). Demographic forecast. 

https://www.oregon.gov/das/OEA/Pages/forecastdemographic.aspx 

Ou, L., Thilakaratne, R., Brown, R. C., & Wright, M. M. (2015). Techno-economic analysis of 
transportation fuels from defatted microalgae via hydrothermal liquefaction and 

hydroprocessing. Biomass and Bioenergy, 72, 45–54. 

https://doi.org/10.1016/j.biombioe.2014.11.018 

Packham, C. (2021). Tuvalu minister stands in sea to film COP26 speech to show climate 
change. Reuters. https://www.reuters.com/business/cop/tuvalu-minister-stands-sea-film-

cop26-speech-show-climate-change-2021-11-08/ 

Pedersen, T. H., Grigoras, I., Hoffmann, J., Toor, S. S., Daraban, I. M., Jensen, C. U., Iversen, S., 
Madsen, R., Glasius, M., Arturi, K. R., Nielsen, R. P., Søgaard, E. G., & Rosendahl, L. A. 

(2016). Continuous hydrothermal co-liquefaction of aspen wood and glycerol with water 

phase recirculation. Applied Energy, 162, 1034–1041. 

https://doi.org/10.1016/j.apenergy.2015.10.165  

Pedersen, T. H., Hansen, N. H., Pérez, O. M., Cabezas, D. E. V., & Rosendahl, L. A. (2018). 

Renewable hydrocarbon fuels from hydrothermal liquefaction: A techno-economic 
analysis. Biofuels, Bioproducts and Biorefining, 12(2), 213-223. 

https://doi.org/10.1002/bbb.1831 

Pepper, E. (2023). Enviva is a cautionary tale for countries embracing biomass energy. 

https://www.nrdc.org/bio/elly-pepper/enviva-cautionary-tale-countries-embracing-

biomass-energy  

Poocca Hydraulic (Shenzhen) Co., Ltd. (2024). How many hours should a hydraulic pump last? 

https://www.poocca.com/news/how-many-hours-should-a-hydraulic-pump-last-

74627857.html 

Powis, J., & Boyles, K. (2024). The long shadow of Drax, a power company masquerading as 

green . https://earthjustice.org/experts/jen-powis/the-long-shadow-of-drax-a-power-

company-masquerading-as-green 

Poynting, M. (2024, February 8). World’s first year-long breach of key 1.5C warming limit. BBC 

News. https://www.bbc.com/news/science-environment-68110310 

https://www.bbc.com/news/science-environment-68110310


207 

 

Prinz, R., Routa, J., Anerud, E., Bergström, D., & Sikanen, L. (2022). Performance of an 
innovative bio-based wood chip storage pile cover—Can it replace plastic tarps? Energies, 

15, 1680. https://doi.org/10.3390/en15051680 

Quora. (n.d.). How much does a barrel of crude oil weigh? https://www.quora.com/How-much-

does-a-barrel-of-crude-oil-weigh  

Randall, W. S., Nowicki, D. R., & Hawkins, T. G. (2011). Explaining the effectiveness of 

performance‐based logistics: A quantitative examination. The International Journal of 

Logistics Management, 22(3), 324–348. https://doi.org/10.1108/09574091111181354 

Sahoo, K., Bilek, E. M., & Mani, S. (2018). Techno-economic and environmental assessments of 
storing woodchips and pellets for bioenergy applications. Renewable and Sustainable 

Energy Reviews, 98, 27–39. https://doi.org/10.1016/j.rser.2018.08.026 

San Juan, J. L. G., Aviso, K. B., Tan, R. R., & Sy, C. L. (2019). A multi-objective optimization 
model for the design of biomass co-firing networks integrating feedstock quality 

considerations. Energies, 12, 2252. https://doi.org/10.3390/en12122252 

Sandborn, P., Kashani-Pour, A., Goudarzi, N., & Lei, X. (2017). Outcome-based contracts –

towards concurrently designing products and contracts. Procedia CIRP, 59, 8–13. 

https://doi.org/10.1016/j.procir.2016.09.017 

Santillana, C., & Evans, L. (2023). Toxic coal ash in Iowa: Addressing coal plants’ hazardous 

legacy. https://earthjustice.org/feature/coal-ash-states/iowa  

Schneider, G. A. (2013). Construction and demolition recycled wood waste assessment in the 

northwest United States (Master’s thesis). Washington State University. 

Schroeder, K. (2023). After a good year. https://ethanolproducer.com/articles/after-a-good-year-

20082  

Sessions, J., Boston, K., Zamora-Cristales, R., Belart, F., Marrs, G., & Murphy, G. (2017). Task 

2: Develop moisture management strategies and models. In Feedstock Logistics. essay, 

Northwest Advanced Renewables Alliance (NARA).  

Shahabuddin, M., Italiani, E., Teixeira, A. R., Kazantzis, N., & Timko, M. T. (2023). Roadmap 

for deployment of modularized hydrothermal liquefaction: Understanding the impacts of 
industry learning, optimal plant scale, and delivery costs on biofuel pricing. ACS 

Sustainable Chemistry & Engineering, 11, 733–743. 

https://doi.org/10.1021/acssuschemeng.2c05982 



208 

 

Shepperd, M., Picollo, C., Spendelow, P., & Brown, M. (2024). 2022 Oregon material recovery 
and waste generation rates report. Oregon Department of Environmental Quality, 

Materials Management Program. 

Sierra Club. (n.d.). Coal ash threatens Iowa’s groundwater. Iowa Chapter. 
https://www.sierraclub.org/sites/default/files/sce/iowa-chapter/energy-

globalwarming/CoalAsh.pdf 

Snowden-Swan, L. J., Zhu, Y., Bearden, M. D., Seiple, T. E., Jones, S. B., Schmidt, A. J., 

Billing, J. M., Hallen, R. T., Hart, T. R., Liu, J., Albrecht, K. O., Fox, S. P., Maupin, G. D., 
& Elliott, D. C. (2017). Conceptual biorefinery design and research targeted for 2022: 

Hydrothermal liquefaction processing of wet waste to fuels (PNNL-27186). Pacific 
Northwest National Laboratory. 

https://www.pnnl.gov/main/publications/external/technical_reports/PNNL-27186.pdf 

Staley, B. F., & Barlaz, M. A. (2009). Composition of municipal solid waste in the United States 

and implications for carbon sequestration and methane yield. Journal of Environmental 

Engineering, 135(10), 901–909. https://doi.org/10.1061/(asce)ee.1943-7870.0000032  

State of Oregon Office of Economic Analysis Department of Administrative Services. (n.d.). 

Demographic forecast. https://www.oregon.gov/das/OEA/Pages/forecastdemographic.aspx  

Sweetser, A. (1999). A comparison of system dynamics (SD) and discrete event simulation 

(DES). In 17th International Conference of the System Dynamics Society (pp. 20-23). 

Tax Foundation. (n.d.-a). Iowa tax rates, collections, and burdens. 

https://taxfoundation.org/location/iowa/ 

Tax Foundation. (n.d.-b). Maryland tax rates, collections, and burdens. 

https://taxfoundation.org/location/maryland/ 

Tews, I., Zhu, Y., Drennan, C., Elliott, D., Snowden-Swan, L., Onarheim, K., Solantausta, Y., & 
Beckman, D. (2014). Biomass direct liquefaction options: Technoeconomic and life cycle 

assessment. U.S. Department of Energy. https://doi.org/10.2172/1184983 

The Engineering ToolBox. (2003). Higher calorific values of common fuels: Reference & data. 

https://www.engineeringtoolbox.com/fuels-higher-calorific-values-d_169.html 

U.S. Department of Energy. (n.d.). Office of Policy - National Energy Modeling System (OP-

NEMS). https://www.energy.gov/policy/office-policy-national-energy-modeling-system-

op-nems 

https://doi.org/10.2172/1184983


209 

 

U.S. Energy Information Administration. (2019). NEMS - National Energy Modeling System: An 

overview. EIA. https://www.eia.gov/analysis/pdfpages/0581(2009)index.php 

U.S. Energy Information Administration. (2022). Biomass explained: Waste-to-energy 

(municipal solid waste). EIA. https://www.eia.gov/energyexplained/biomass/waste-to-

energy.php 

U.S. Energy Information Administration. (2024a). Electric Power Monthly. 

https://www.eia.gov/electricity/monthly/epm_table_grapher.php?t=epmt_5_6_a 

U.S. Energy Information Administration. (2024b). Iowa natural gas industrial price (dollars per 

thousand cubic feet). https://www.eia.gov/dnav/ng/hist/n3035ia3m.htm 

U.S. Energy Information Administration. (2024c). Maryland natural gas industrial price (dollars 

per thousand cubic feet). https://www.eia.gov/dnav/ng/hist/n3035md3m.htm 

U.S. Energy Information Administration. (2024d). Oregon natural gas industrial price (dollars 

per thousand cubic feet). https://www.eia.gov/dnav/ng/hist/n3035or3m.htm 

U.S. Forest Service Research and Development. (n.d.). Forest inventory and analysis. 

https://research.fs.usda.gov/programs/fia 

US Inflation Calculator. (2024). Current US inflation rates: 2000-2025. 

https://www.usinflationcalculator.com/inflation/current-inflation-rates/ 

USAFacts. (2022a). Our changing population: Iowa. https://usafacts.org/data/topics/people-

society/population-and-demographics/our-changing-population/state/iowa/ 

USAFacts. (2022b). Our changing population: Maryland. https://usafacts.org/data/topics/people-

society/population-and-demographics/our-changing-population/state/maryland/ 

USAFacts. (2022c). Our changing population: Oregon. https://usafacts.org/data/topics/people-

society/population-and-demographics/our-changing-population/state/oregon/ 

Vespa, J., Medina, L., & Armstrong, D. M. “Demographic Turning Points for the United States: 
Population Projections for 2020 to 2060,” Current Population Reports, P25-1144 (2020). 

Washington, DC; U.S. Census Bureau. 

https://www.census.gov/content/dam/Census/library/publications/2020/demo/p25-1144.pdf  

http://www.eia.gov/analysis/pdfpages/0581(2009)index.php
http://www.eia.gov/energyexplained/biomass/waste-to-energy.php
http://www.eia.gov/energyexplained/biomass/waste-to-energy.php


210 

 

West River Conveyors. (2025). Maximizing the lifespan of mining conveyor belts with proper 

care. https://www.westriverconveyors.com/blog/daily-and-periodic-maintenance-checklist/ 

Williams, R. (1947). Six-tenths factor aids in approximating costs. Chemical 

Engineering, 54(12), 124-125. 

Wiltsee, G. (1998). Urban wood waste resource assessment (No. NREL/SR-570-25918). 

National Renewable Energy Lab.(NREL), Golden, CO (United States).  

Xu, C., & Etcheverry, T. (2008). Hydro-liquefaction of woody biomass in sub- and super-critical 

ethanol with iron-based catalysts. Fuel, 87, 335–345. 

https://doi.org/10.1016/j.fuel.2007.05.013  

Zhang, B., von Keitz, M., & Valentas, K. (2008). Thermal effects on hydrothermal biomass 
liquefaction. Applied Biochemistry and Biotechnology, 147, 143–150. 

https://doi.org/10.1007/978-1-60327-526-2_48  

Zhang, C., Han, L., Yan, M., Xia, J., Rong, N., Baloch, H. A., Guo, H., Wu, P., Xu, G., & Ma, 
K. (2021). Hydrothermal co-liquefaction of rice straw and waste cooking-oil model 

compound for bio-crude production. Journal of Analytical and Applied Pyrolysis, 160, 

105360. https://doi.org/10.1016/j.jaap.2021.105360  

Zhong, C., & Wei, X. (2004). A comparative experimental study on the liquefaction of wood. 

Energy, 29, 1731–1741. https://doi.org/10.1016/j.energy.2004.03.096  

Zhu, Y., Biddy, M. J., Jones, S. B., Elliott, D. C., & Schmidt, A. J. (2014). Techno-economic 

analysis of liquid fuel production from woody biomass via hydrothermal liquefaction 
(HTL) and upgrading. Applied Energy, 129, 384–394. 

https://doi.org/10.1016/j.apenergy.2014.03.05 


