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1 More on data development

1.1 Sequestration sites and costs

We filter the NATCARB saline aquifer database to only sequestration sites with nonurban layers using
urban area definitions from (1) and the (2). We further filter the NATCARB database using a depth to
basement of 1500m to ensure the safety of CO2 sequestered. Depth to basement is obtained from the (3).
We use a conservative measure of depth to basement (as opposed to 800m) to allow for the uncertainty
of the policy directive regarding CCS in California. We filter the data available from Breunig et al. (4)
to those flagged as suitable for anaerobic digestion. In particular, we do not consider the more lignin-
rich feedstocks that are less prone to anaerobic digestion. While biogas from gasification is a studied
and relatively mature technology, we constrain this paper to biogas from anaerobic digestion (5). The
hand-collected data on existing anaerobic digesters are then geocoded using the Google Maps Place API
(6).

We determine the sequestration storage costs following Sanchez et al. (7). In particular, saline aquifer
storage and capacity and location are derived from NATCARB v1502 (8). Discussed above, we extend the
approach in Sanchez et al. (7) by further filtering for depth to basement past 1500m and sequestration
sites in non-urban areas. Storage costs are estimated for each 10km by 10km grids. The cost of site
characterization is based on areal footprint, well drilling and completion, injection equipment, operating
and maintenance costs, and monitoring and verification costs (9, 10). We estimate the capacity-weighted
levelized cost of sequestration for each site using the following equation:

Cseq = (CRF × Cwell,D&C + Cwell,equip + Cwell,O&M + Cseismic
qwell,max

+CRF × Cchar
qannual

+Cmon)×Qnormalized
(1)

where
Cseq = levelized cost of CO2 ($/ton)
CRF = capital recovery factor Cwell,D&C = cost of drilling and completion
Cwell,equip = cost of well equipment
Cwell,O&M = cost of well operation and maintenance
Cseismic = cost of seismic assessment and monitoring
Cchar = site characterization cost
Cmon = monitoring and verification cost
qwell,max = maximum well injection rate
qannual = annual injection volume
Qnormalized = normalized saline aquifer capacity

The maximum well injection rate is asssumed to be 1 MtCO2/y. We update the cost to 2018 US dollars
using the IHS Upstream Capital Cost Index. We estimate the cost of seismic assessment and monitoring
from C2SAFE. In particular, seismic assessment costs $160,000/km2 of site area, and a constant 10
percent of total seismic cost for processing field data. Note that the characterization costs depend on the
size of the aerial footprint, estimating as the following (11):

Cchar = Careal,char × λc × qannual ×
t

Ψ× b× λw
(2)

where
Careal,char = specific site characterization costs
qannual = annual injection volume (at reservoir conditions)
λc = phase mobility of CO2

1

λw = phase mobility of brine
t = period of injection
b = CO2 layer thickness
Ψ = porosity

1The phase mobility is the ratio of relative permeability to fluid viscosity

S2



We estimate the physical properties needed for CO2 and brine phase mobilities using Chung et al. (12)
and Batzle and Wang (13), respectively. We include a $52 million per site to account for development
costs based on McCollum and Ogden (14). We assume a cost of monitoring and verification of $0.1/tCO2.

1.2 Digester Cost Estimation

We linearize the cost functions obtained from the literature. Specifically, we estimate the piecewise linear
functions of the digester and upgrading cost functions in Parker et al. (15), compression and pumping
cost in McCollum and Ogden (14), and carbon dioxide capture cost in Psarras et al. (16). Piecewise
estimating non-linear functions allows us to better capture the economies of scale associated with CCS
systems and stay within the framework of linear optimization. This reduces the model complexity and
computational load while still approximating the importance of scale in CCS systems. We employ the
cost model in Psarras et al. (16) to estimate the cost of CO2 capture, assuming a 90% capture rate and
80.7% CO2 concentration. Table S1 below lists the costs associated with each component.

For anaerobic digester costs, capacity is defined as kilotons per year. RNG Flow in the biogas up-
grading and RNG compression and injection costs are measured in mmbtu per hour. For CO2 capture,
we present the levelized cost of capture (measured as $/tCO2). The capture rate is assumed to be 90%,
concentration is assumed to be 98%, and the flow rate is measured as tonnes per day. In the cost function
for CO2 compression, mtrain denotes the CO2 mass flow rate through each compressor train measured
in kg per second: mtrain = 1,000×m

24×3,600×Ntrain
where m is the CO2 mass flow rate to be transported to the

injection site measured in tonnes per day. We assume that Ntrain, the number of compressor train, is
one. We incur CO2 compression costs twice: we compress the CO2 once up to 1.7 MPa for transport, and
again to 15 MPa at the sequestration site for injection. Thus, Pinitial = 0.1 MPa and Pfinal = 1.7 MPa for
the first round of compression, and subsequently Pinitial = 1.7 MPa and Pfinal = 15 MPa for the second
round of compression. The O&M cost of CO2 compression includes both the maintenance cost of the
compression equipment and the electricity cost. Ws represents the work required to compress CO2 up to

a certain pressure: Wi =
∑5
s=1

1000
24×3600

mZsRTin

Mηis
ks
ks−1 [(Pcutoff

Pinitial

1/Nstage
)

ks−1
ks −1]. Here, R is the gas constant

in kJ per kmol-K; Tin is the CO2 temperature at compressor inlet in K, ηis is the isentropic efficiency
of the compressor; M is the molecular weight of CO2 in kg/kmol; Zs is the average CO2 compressibility
for each individual stage; Nstage is the number of compression stages, assumed to be 5; ks s the average
ratio of specific heats of CO2 for each stage. Each stage has different values for Zs and ks, but all other
values are constant across the stages. CF denotes the capacity factor. Both the capital and operating

costs of CO2 pumping depend on Wp, defined as: Wp = 1000×10
24×36

m(Pfinal−Pcutoff)
ρηp

, where ρ is the density

of CO2 during pumping in kg/m3; ηp is the efficiency of the pump. We do not make any assumptions
on the capital costs of building a landfill gas collector since we restrict inputs to landfills with existing
collectors. The landfill gas flow in the O&M cost is measured in standard cubic feet per minute. For both
biomass and CO2 transport, roundtrip duration is measured in hours and roundtrip distance is measured
in miles. A truckload is defined as 25 wet tons for biomass transport and feedstock weight is measured
in wet tons. For CO2 transport, a truckload is defined as 25.67 tons of CO2 compressed to 1.7 MPa.
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Table S1: Summary of Cost Functions

Functional Form Source

Anaerobic Digester

Capital Cost 2, 508, 900×
√

Capacity
1000 Parker et al. (15)

O&M Cost 162, 775× Capacity0.6 Parker et al. (15)

Biogas Upgrading

Capital Cost 1, 064, 800× RNG Flow0.48 Parker et al. (15)

O&M Cost 74, 950× RNG Flow0.69 Parker et al. (15)

RNG Compression & Injection

Capital Cost 615, 750× RNG Flow0.42 Parker et al. (15)

O&M Cost 28, 425× RNG Flow0.35 Parker et al. (15)

CO2 Capture
Levelized Cost 87.18− 0.27× Capture Rate− 86.84×

Concentration− 0.0006× Flow Rate
Psarras et al. (16)

CO2 Compression
Capital Cost mtrainNtrain

[
130, 000× (mtrain)−0.71 + 1, 400, 000×
(mtrain)−0.60 ln(Pcutoff

Pinitial
)]

McCollum and Ogden (14)

O&M Cost Capital Cost× 0.04 + Price×Wi × CF × 24× 365 McCollum and Ogden (14)

CO2 Pumping

Capital Cost 1, 110, 000× Wp

1,000 + 70, 000 McCollum and Ogden (14)

O&M Cost Capital Cost× 0.04 + Price×Wp × CF × 24× 365 McCollum and Ogden (14)

Landfill Gas Collector
Capital Cost Presumed Built
O&M Cost 20× Landfill Gas Flow Davis (17)

Biomass Transport
Total Cost (26.11× Roundtrip duration + 1.08×

Roundtrip distance)× Truckload + 4.50×
Feedstock weight

Tittmann et al. (18)

CO2 Transport
Total Cost (18.31× Roundtrip duration + 0.80×

Roundtrip distance)× Truckload
Psarras et al. (16)

1.3 Biogas yields

While we use the biogas yields in Li et al. (19) at baseline, we also survey the literature for a broad range of
experimental biogas yields for sensitivity analysis. See Table S2 for the range of biogas yields considered
and sources surveyed. In addition, we adopt the predictive biogas yield model from Escalante et al.
(20) to supplement the literature values. We consider six independent variables: cellulose, hemicellulose,
and lignin weight percentage; C:N ratio; and volatile and total solids percentage and the inoculum to
substrate ratio. Table S3 panel A, presents coefficients for each predictive variable and panel B presents
the estimated biogas yields for select feedstocks.
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Table S2: Literature Biogas Yield (mL/g VS)

Feedstock Min Max

Manure 51 295
Crop Waste 49 390
Food Waste 180 540
Green Waste 180 540
Grease 648 811

Note: This table shows the range of biogas yields in the surveyed literature.

Table S3: Biogas Yield Prediction Model Coefficient

Panel A: Model Coefficients
Variable Coefficient

Cellulose 0.3445
Hemicellulose 0.0001
Lignin -0.0001
C:N ratio -0.0002
Percent Volatile Solids -0.0040
Percent Total Solids 0.0012
Inoculum:Substrate ratio -0.00002

Panel B: Average Estimated Yields (mL/g VS)
Feedstock Biogas Yield

Crop Residues 181.96
Food Waste 328.78
Manure 324.32

Note: This table shows the estimation of biogas yield following the method in Escalante et al. (20).

Unsurprisingly, Figure S1 shows that CH4 and CO2 output is the most sensitive to biogas yield
asumptions. Under optimistic biogas yield assumptions, over 150 PJ of RNG is produced and 6 million
tons of CO2 is sequestered at baseline policy support. Using more pessimistic biogas yield assumptions,
only 40 PJ of RNG is produced and 1.5 million tons of CO2 sequestered. Despite this, biogas yield
has little effect on profits in the model, with policy drivers such as LCFS and RFS driving most of the
variation.
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Figure S1: Sensitivity Analysis

(a) CH4 Sensitivity

(b) CO2 Sensitivity

Note: Parametric sensitivity analysis of yearly (a) CH4 production and (b) CO2 sequestration. We vary
biogas yield, LCFS price, RIN credit price, RNG price, 45Q credits, and transport cost. Average profits
are rarely fall below the baseline $12/GJ, but can reach as high as $37/GJ when RFS prices are at their
highest.

This discussion on biogas yield requires two caveats: this model aggregates feedstock types into
broad categories. Biogas yield varies within the broad categories presented in the paper, and considering
the average biogas yield for all subtypes of biomass residues masks the variation in feedstock subtype
availability across regions. In particular, agricultural production is relatively segregated in California:
while Fresno primarily produce almonds and tomatoes, neighboring Tulare leads in orange production
(21). The different climate in California implies that there will be important regional differences in
available crop residues. Breunig et al. (4) provides more detail on the geographic (and temporal) variation
in biomass residues across California. Second, special attention needs to be paid to codigesting facilities.
In particular, while codigestion have the potential to further increase the biogas yield, it is also possible
that biogas yield could be dampened due to an inappropriate mixture of feedstocks. In this paper, we
assume that feedstocks are mixed homogenously, and their respective biogas yields aggregate linearly.

1.4 Carbon Intensity

We reference the temporary carbon intensity of CNG by feedstock input as estimated by the California
Air Resources Board (22). Table S4 reproduces these estimates. These characterize the lifecycle carbon
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intensity of the RNG produced but excludes the additional CO2 sequestration and the associated
process emissions of sequestering the CO2. As with biogas yields, we assume that the carbon
intensities of the produced RNG is proportional to the share of the feedstocks used. Thus, the carbon
intensity of RNG produced from codigestion will be a weighted average of the carbon intensities of the
RNG produced from these individual feedstocks. The system boundary of the CARB-estimated carbon
intensities are “well-to-wheels,” implying that it includes feedstock transport, production, and ultimate
usage of the fuel. It also accounts for counterfactual usage of the feedstock (left to landfills or to flare). For
the purposes of calculating additional LCFS credits, we supplement these carbon intensities by accounting
for the additional CO2 sequestered and its associated process emissions. We do so by first accounting
for the electricity emissions associated with CO2 compression and pumping, transport emissions for the
CO2, and the sequestered CO2. We assume that the system uses California grid electricity with carbon
intensity equal to the average California mix in 2018 (23). We also assume that the CO2 transport incurs
an emissions factor of 161.8 gCO2/ton-mile (24).

Table S4: Carbon Intensity of RNG by Feedstock Input

Feedstock Carbon Intensity

Crop Residue 45 gCO2e/MJ
Food Waste 45 gCO2e/MJ
Grease 45 gCO2e/MJ
Green Waste 45 gCO2e/MJ
Landfill Gas 70 gCO2e/MJ
Manure -150 gCO2e/MJ
Wastewater 45 gCO2e/MJ

2 Biogas upgrading technologies

In this paper, we consider pressure swing adsorption (PSA) for biogas upgrading. There are other
technologies available, with varying CH4 and CO2 purity and costs. We briefly discuss the implications
of various technologies while we direct interested readers to Sun et al. (25) and Ong et al. (26) for an
in-depth overview of biogas upgrading technologies. Among the various biogas upgrading technologies,
water scrubbing, pressure swing adsorption, and chemical scrubbing are the most commonly applied
technologies (26). In particular, PSA is relatively inexpensive and is widely practiced. It also requires
no heat demand and low energy use. It’s applicability to small capacities is especially helpful in our
context. Water scrubbing is similarly inexpensive, but it requires large amounts of water to operate and
requires biomethane drying. Chemical scrubbing, unlike PSA and water scrubbing, yields higher methane
content, but it is relatively more expensive and difficult to operate. The costs of upgrading technologies
are varied, but PSA is consistently one of the lower cost options across case studies. The choice of biogas
upgrading technology could be consequential to the model outcomes. In particular, what is the trade off
between the purity of CH4 and CO2 streams, the energetic content of the resulting natural gas, and the
cost of technology? However, the results in Figure S2 suggests that the upgrading costs are relatively
small compared to digester cost or CCS-related costs.

3 Additional results

Figure S3 shows that at baseline, a majority of available feedstocks are utilized, except for food waste.
The current policy incentive is sufficient to spark a profitable, carbon negative, waste management pro-
gram in California. However, the relatively small utilization of food waste points to the importance of
transportation costs. However, the outsized profitability of the RNG-CCS system indicates that it is
possible to further manage food waste in a similar manner while maintaining a profitable system.
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Figure S2: Cost and Revenues

Note: Costs and revenues ($/ GJ) for RNG-CCS system for various policy scenarios. Costs are separated
into two technology categories: CCS-related (red) and biomass processing-related (orange). Across all
scenarios, CCS-related costs are a small fraction of total costs. Revenues from the LCFS make up a large
share of revenue across all scenarios.

Figure S3: Feedstock utilization

Note: This figure shows the percent of feedstock utilized at the baseline scenario. Wastewater is taken
as a percentage of active facilities, not all facilities.

Figure S4 shows the geographical distribution of facility level cost at baseline. We see the landfills
are consistently less expensive than codigesters, this is because landfills lack the need for an anaerobic
digester. There is a lower-cost agglomeration in the greater Los Angeles area, while Imperial county sees
a higher-cost cluster. Furthermore, cost is directly correlated with facility size—the smallest facilities are
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Figure S4: Levelized Cost

Note: This figure maps the levelized cost per GJ of RNG for each facility.

the most expensive (on a dollars-per-GJ basis). Note that such an uneven distribution of levelized cost
across regions and facilities is only possible through a global optimization. Whereas a local optimization
problem might see a significant decline in system size.

4 Model Formulation

4.1 Notation

Sets are as follows:

f Facilities
l ∈ f Landfills, a subset of facilities
c ∈ f Codigesters, a subset of facilities
t Feedstock type
g ∈ t Landfill gas, a subset of feedstock type
s ∈ t Set of codigestion types, subset of feedstock type

s = {Wastewater, Crop, Manure, MSW}
i Sequestration sites
s Feedstock source
(s, f) Feedstock source and facility pairs under 50 miles
(f, i) Facility and sequestration site pairs under 50 miles

Parameters are as follows:
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Facilities
pipe fcf RNG pipeline fixed cost at facility f
pipe vcf RNG pipeline variable cost at facility f
lmopl Landfill collecting variable cost at landfill l

Sequestration sites
injection fci CO2 injection fixed cost at sequestration site i
injection vci CO2 injection variable cost at sequestration site i
capacityi Sequestration site storage capacity at sequestration site i
seismici 3-D seismic survey cost at sequestration site i

Type
tst Total solids % of feedstock type t
vst Volatile solids % of feedstock type t
tont Conversion to ton of feedstock type t
biogas yieldt Biogas yield of feedstock type t
c intensityt Carbon intensity of resultant RNG from feedstock type t

Feedstock source & type
supplys,t Feedstock quantity at source s of type t

Valid source → facility pairs
fs dists,f Road distance between feedstock at location s and facility f
fs times,f Travel duration between feedstock at location s and facility f
per tons,f Per-ton cost from location s to facility f

Valid facility → sequestration site pairs
rs distf,i Road distance between facility f and sequestration site i
rs timef,i Travel duration between facility f and sequestration site i

Scalars are as follows:
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Cost (in 2019 $)
ad fc int AD fixed cost intercept
ad fc slope1 AD fixed cost slope below threshold
ad fc slope2 AD fixed cost slope above threshold
ad vc int AD variable cost intercept
ad vc slope1 AD variable cost slope below threshold
ad vc slope2 AD variable cost slope above threshold
up fc int Biogas upgrading fixed cost intercept
up fc slope1 Biogas upgrading fixed cost slope below threshold
up fc slope2 Biogas upgrading fixed cost slope above threshold
up vc int Biogas upgrading variable cost intercept
up vc slope1 Biogas upgrading variable cost slope below threshold
up vc slope2 Biogas upgrading variable cost slope above threshold
inj fc int RNG injection fixed cost intercept
inj fc slope1 RNG injection fixed cost slope below threshold
inj fc slope2 RNG injection fixed cost slope above threshold
inj vc int RNG injection variable cost intercept
inj vc slope1 RNG injection variable cost slope below threshold
inj vc slope2 RNG injection variable cost slope above threshold
comp fc inta CO2 compression to transporting pressure fixed cost intercept
comp fc slopea1 CO2 compression to transporting pressure fixed cost slope below threshold
comp fc slopea2 CO2 compression to transporting pressure fixed cost slope above threshold
comp vc inta CO2 compression to transporting pressure variable cost intercept
comp vc slopea1 CO2 compression to transporting pressure variable cost slope below threshold
comp vc slopea2 CO2 compression to transporting pressure variable cost slope above threshold
comp fc intb CO2 compression to sequestration pressure fixed cost intercept
comp fc slopeb1 CO2 compression to sequestration pressure fixed cost slope below threshold
comp fc slopeb2 CO2 compression to sequestration pressure fixed cost slope above threshold
comp vc intb CO2 compression to sequestration pressure variable cost intercept
comp vc slopeb1 CO2 compression to sequestration pressure variable cost slope below threshold
comp vc slopeb2 CO2 compression to sequestration pressure variable cost slope above threshold
cap fc int CO2 capture fixed cost intercept
cap fc slope1 CO2 capture fixed cost slope below threshold
cap fc slope2 CO2 capture fixed cost slope above threshold
cap vc int CO2 capture variable cost intercept
cap vc slope1 CO2 capture variable cost slope below threshold
cap vc slope2 CO2 capture variable cost slope above threshold
monitoring CO2 storage monitoring cost
fs mi Feedstock transport cost per mile
fs hr Feedstock transport cost per hour
rs mi CO2 transport cost per mile
rs hr CO2 transport cost per hour

Revenues ($/mmbtu)
lcfs LCFS credit price
d5 RIN D5 credit price
cellulosic waiver Cellulosic waiver price
45q 45Q tax credit
rng RNG price

Other assumptions
ch4 yield CH4 volume percentage in biogas
baseline ci Baseline carbon intensity of RNG
irr Internal rate of return
life Project lifetime (years)

crf Capital Recovery Factor = irr×(1+irr)life

(1+irr)life−1

electricity Grid electricity carbon intensity
transport Transport emissions
compressiona CO2 compression work to transporting pressure
compressionb CO2 compression work to sequestration pressure
co2 truckload CO2 transport truck capacity
fs truckload Feedstock transport truck capacityS11



Decision variables are as follows:

adf Binary if facility f is active
seqi Binary if sequestration site i is active
q feeds,f,t Quantity of feedstock from source s of type t delivered to facility f
q feedff Total quantity of feedstock used at facility f

=
∑
s,t q feeds,f,t

q feedf nowwtpf Total quantity of feedstock used at facility f , excluding wastewater
=
∑
s,t q feeds,f,t − q feeds,f,t=wastewater × tont=wastewater

q ch4t,f Quantity of CH4 from feedstock type t at facility f
=
∑
s q feeds,f,t × tst × vst × biogas yieldt × ch4 yield

q ch4ff Quantity of CH4 produced at facility f∑
t q ch4t,f

q captff Quantity of CO2 captured at facility f
=
∑
s,t q feeds,f,t × tst × vst × biogas yieldt × (1− ch4 yield)

q co2seqi Quantity of CO2 sequestered at sequestration site i
q co2transf,i Quantity of CO2 transported from facility f to sequestration site i

4.2 Model

Objective Function. We aim to minimize net cost over the project lifetime:

min net cost = life× (total cost− total revenue) (3)

where total cost is defined as:

total cost =
∑
c

{
(adc × (

n∑
i=1

~Intci)+

~ad fc× q feedf nowwtpc + ~ad vc× q feedfc+

~up inj× q ch4fc + ~comp capt× q captfc+

lcfs× compressiona × electricity× q captfc

}
+∑

l

{
(adl × (

n∑
i=1

~Intli))+

~up inj× q ch4fl + ~comp capt× q captfl+

lcfs× compressiona × electricity× q captfl

}
+∑

s,f,t

{
(fs dists,f × fs mi + fs times,f ∗ fs hr)×

q feeds,f,t
fs truckload

+

per tons,f × q feeds,f,t

}
+∑

f,i

{
(rs timef,i × rs hr + rs distf,i × rs mi)×

q co2transf,i
co2 truckload

+

lcfs× transport× q co2transf,i × rs distf,i

}
+∑

i

{
(seqi × ((injection fci + seismici)× crf + injection vci))+

~comp mon× q co2seqi + lcfs× compressionb × electricity× q co2seqi

}

(4)
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and total revenue is defined as:

total revenue =
∑
c

{
q ch4fc × (rng + d5)

}
+
∑
l

{
q ch4fl × (rng + d5 + cellulosic)

}
+

∑
t,f

{
q ch4t,f × [lcfs× (baseline ci− c intensityt)]

}
+

∑
f

{
q captff × ~45q

}
+

∑
i

{
q co2seqi × (lcfs)

}
(5)

We denote ~Intc to be a vector of all piecewise intercepts relevant to the total costs for codigesting facilities
and ~Intll to be a vector of all piecewise intercepts relevant to the total costs for landfills:

~Intc =



ad fc int× crf
ad vc int

up fc int× crf
up vc int

inj fc int× crf
inj vc int

comp fc inta × crf
comp vc inta

cap fc int× crf
cap vc int

pipe fcc × crf
pipe vcc



~Intl =



lmopl
up fc int× crf

up vc int
inj fc int× crf

inj vc int
comp fc inta × crf

comp vc inta
cap fc int× crf

cap vc int
pipe fcl × crf

pipe vcl



We denote ~ad fc and ~ad vc to be vectors of the piecewise slopes for fixed and variable costs for
anaerobic digesters, taking on different values depending on the value of q feeds,f,t.

~ad fc =

[
ad fc slope1

ad fc slope2

]
× crf ~ad vc =

[
ad vc slope1

ad vc slope2

]
We denote ~up inj and ~comp capt to be vectors of the piecewise slopes for fixed and variable costs

for upgrading and injection, and compression and CO2 capture, respectively. Facilities take on different
values within these vectors depending on the values of q captff and q ch4ff .

~up inj =

[
(up fc slope1 + inj fc slope1)× crf + up vc slope1 + inj vc slope1

(up fc slope2 + inj fc slope2)× crf + up vc slope2 + inj vc slope2

]

~comp capt =

[
(comp fc slopea1 + capt fc slope1)× crf + comp vc slopea1 + capt vc slope1

(comp fc slopea2 + capt fc slope2)× crf + comp vc slopea2 + capt vc slope2

]
We denote ~comp mon to be vectors of the piecewise slopes for fixed and variable costs of monitoring

and compression cost at sequestration sites. Sequestration sites take on values within these vectors
depending on the value of q co2seqi.

~comp mon =

[
comp fc slopeb1 × crf + comp vc slopeb1 + monitoring
comp fc slopeb2 × crf + comp vc slopeb2 + monitoring

]

We denote ~45q to be a vector of the piecewise values for the 45Q tax credits around the threshold of
100,000 tCO2/year.

~45q =

[
0
50

]
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Constraints. The objective function is subject to:

Feedstock used is zero if the facility is not activated

q feeds,f,t ≤ supplys,t × adf (6)

Feedstock used cannot exceed available supply∑
f

q feeds,f,t = supplys,t (7)

CO2 transported is equal to CO2 captured∑
i

q co2transf,i = q captff (8)

CO2 sequestered is equal to CO2 transported∑
f

q co2transf,i = q co2seqi (9)

CO2 sequestered cannot be more than available capacity

q co2seqi ≤ capacityi × seqi (10)

Minimum sequestration volume

q co2seqi ≥ 25000× seqi (11)
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