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Abstract

This paper derives closed-form minimum payment conditions for five carbon pay-

ment designs aimed at incentivizing soil organic carbon sequestration through conser-

vation tillage, parameterized using EPIC simulations across 70 Midwestern fields. In-

cremental payment schemes fail structurally: without penalties for carbon release, the

minimum payment required to sustain no-till adoption is strictly increasing in the cur-

rent SOC stock, generating a cycling equilibrium in which farmers alternate between

no-till and conventional tillage. Stock-based payments conditional on conservation

practice adoption emerge as the optimal design, requiring lowest payment levels, re-

solving the additionality problem, and maintaining consistent sequestration incentives

throughout the carbon accumulation horizon. Lifetime discounted payments under the

optimal design remain below the US social cost of carbon for three of the four soil types

studied, and spatially targeted payments reduce total program costs by approximately

22% relative to a uniform carbon price. Flat payment schemes result in long breakeven

periods, whereas front-loaded schemes can substantially shorten the breakeven horizon.

The framework yields conditions that guarantee incentive-compatibility for the latter

class of schemes as the payment stream diminishes over time.

Keywords: Carbon payment design, Voluntary carbon markets, Payment for ecosystem ser-

vices, Soil carbon sequestration, Additionality



1 Introduction

Payment programs that reward agents for incremental environmental improvements face

a structural trap: as sequestration approaches its natural ceiling, the per-period reward de-

clines, giving the agent an incentive to abandon the practice, allow stored carbon to revert,

and collect incremental payments anew. In agricultural soil carbon markets, this trap is

consequential. Land-based sequestration strategies could offset 10 to 15 gigatons of carbon

dioxide equivalents per year globally until 2050 (Griscom et al., 2017; Roe et al., 2021), but

long-term no-till adoption covers only 38% of US cropland (Horowitz et al., 2010). Three

inherent features of soil carbon dynamics compound the design challenge: sequestration is

reversible, with reversion releasing stored carbon rapidly (Kim et al., 2008; Ruseva et al.,

2020; Sadatshojaei et al., 2021; Sawadgo and Plastina, 2022); soils have finite storage capac-

ity and sequestration rates decline as stocks approach saturation (Chen et al., 2019; West

and Six, 2007; Paustian et al., 2016; Stewart et al., 2007); and conservation practices reduce

short-run crop yields, creating a wedge between immediate costs and long-run sequestration

benefits (Blevins et al., 1977; Ismail et al., 1994). These features interact with two further

frictions that make payment design consequential beyond the level of transfers. First, in-

framarginal participation is pervasive: for instance, Aspelund and Russo (2026) report that

three-quarters of United States Department of Agriculture’s Conservation Reserve Program

participants would have conserved without payment, and any design that ignores counterfac-

tual behavior wastes program resources on non-additional sequestration. Second, distrust in

institutions limits enrollment and effectiveness of standard payment for ecosystem services

schemes (Jack et al., 2025; Jayachandran et al., 2017). While prior economic analyses have

examined reversibility, delayed accumulation, variable sequestration rates, and yield losses

(Antle et al., 2003; Murray et al., 2007; Feng et al., 2002; Raj Kunwar et al., 2025), they

have not characterized the conditions under which specific payment designs can or cannot

generate lasting adoption. The landscape of carbon farming contracts spans result-based,

action-based, and hybrid designs (Raina et al., 2024), yet no unified analytical framework
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identifies which design sustains sequestration or why others fail, which is the goal of this

work.

I develop a theoretical bioeconomic framework in which a forward-looking farmer max-

imizes expected discounted profits by choosing between no-till and conventional tillage in

each period, trading short-run yield losses against long-run carbon payments. I compare five

policy designs: payments proportional to total carbon stock (P1); payments proportional

to carbon stock conditional on conservation practice adoption (P2); payments and penal-

ties based on incremental changes in carbon stock (P3); incremental payments conditional

on adoption without penalties for reversal (P4); and flat adoption payments (P5). I de-

rive closed-form minimum payment conditions under each design and validate them against

a stochastic Bellman equation incorporating uncertainty in soil organic carbon (SOC) dy-

namics, parameterized using EPIC model (Williams et al., 1989; Izaurralde et al., 2006)

simulations across 70 fields in five Midwestern watersheds spanning four soil types based on

their drainage characteristics, herein referred to as soil hydrology groups. This integration of

biophysical simulation with dynamic optimization addresses sequestration reversibility, car-

bon saturation, and yield tradeoffs jointly within a unified field-level framework, advancing

on prior analyses that have typically treated these constraints in isolation. The dynamic op-

timization framework builds on the capital-theoretic tradition introduced by Burt (1981) and

McConnell (1983), who applied dynamic programming and optimal control to soil resource

management decisions, and on recent extensions to soil carbon dynamics and environmental

services (Berazneva et al., 2019; Lichtenberg, 2024).

The results identify a clear policy hierarchy. Incremental payment designs fail in both

variants. Without penalties for carbon release (P4), a fundamental defection problem

emerges: as soils approach carbon saturation, the payment rate required to sustain no-till

rises without bound, and farmers rationally revert to conventional tillage regardless of prior

sequestration. With penalties (P3), the defection incentive is suppressed but replaced by a

lock-in problem at saturation, where farmers face continued yield costs while receiving no
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additional payments and facing prohibitive reversal costs. Both outcomes reflect the mech-

anism identified by Gulati and Vercammen (2005, 2006): declining marginal sequestration

benefits as stocks approach their ceiling make incremental designs categorically incompat-

ible with sustained adoption. Flat adoption payments (P5) provide no accountability for

actual sequestration and are sub-optimal from a social planner’s perspective. Stock-based

payments conditional on conservation practice adoption (P2) emerge as the optimal design.

This structure holds farmers accountable for maintaining a carbon stock, eliminates the addi-

tionality problem that arises when farmers with high legacy carbon stocks collect payments

without changing practices, and maintains consistent adoption incentives throughout the

sequestration horizon. Lifetime discounted payments under P2 remain below the US social

cost of carbon ($190 per ton of CO2 equivalent) (Farah and Clark, 2022) for three of the four

soil types studied, indicating net welfare gains. Required payment rates vary substantially

with soil type and initial SOC, and spatially targeted payments calibrated to biophysical

characteristics reduce total program costs by approximately 22% relative to uniform pay-

ment schemes across the five watersheds studied, with direct implications for the design of

conservation incentive programs and voluntary carbon markets.

2 Geographic Focus: U.S. Midwest Agriculture and

Carbon Sequestration

The U.S. Midwest, often described as the nation’s “food bowl,” makes a major contri-

bution to national agricultural production because of its nutrient-rich soils, relatively stable

climate, ample freshwater resources, and extensive farmland. Westcott (2010) notes that

the Midwest contains some of the world’s most productive agricultural soils, which support

large-scale cultivation of crops such as corn and soybeans. Warm summers, adequate rainfall,

and flat terrain also support consistent yields and efficient mechanized farming, which low-

ers per-unit production costs and helps meet domestic and global food demand (Deschênes
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and Greenstone, 2007; Paul et al., 2004). This study focuses on the Midwest because the

region combines national economic importance with substantial potential for soil carbon se-

questration. As Section 3 explains, I use EPIC simulations from representative Midwestern

watersheds to parameterize the model, which makes this region the geographical focus of the

empirical analysis.

This choice is supported by existing literature on carbon sequestration under conservation

practices. Antle et al. (2001) emphasizes the economic value of soil carbon sequestration for

farm income and environmental sustainability. Feng et al. (2006) compare the economic and

environmental effects of land retirement and conservation practices in Iowa and underscore

the region’s potential. Sperow et al. (2003) quantify the economic feasibility and carbon

storage potential of alternative agricultural practices, further supporting the Midwest as an

appropriate setting for sequestration policy analysis.

In addition to corn and soybeans, the Midwest produces wheat, oats, barley, fruits, and

vegetables, which contributes to regional economic stability and national food security. Fig-

ure 1 shows selected crops cultivated in 2022 across individual fields in the Eastern Corn

Belt, a representative area with diverse soil types and climatic conditions. Given this diver-

sity, the analysis focuses specifically on corn because of its large production area, central role

in regional carbon dynamics, and sensitivity to tillage practices. Figure 2 illustrates spatial

heterogeneity in soil types across the region, classified into four hydrologic groups: sandy

soils (Group A), with low runoff and high infiltration; loam and silt loam soils (Group B),

with moderate infiltration; clay loam soils (Group C), with lower infiltration; and clay soils

(Group D), with high runoff and low infiltration. These soil characteristics directly affect

SOC dynamics and yield outcomes and, in turn, shape farmers’ economic incentives to adopt

conservation practices.
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Figure 1: Major crops grown in the Eastern Corn Belt. Each point represents a field. Data
are sourced from the Crop Sequence Boundaries database of the United States Department
of Agriculture (USDA).
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Figure 2: Soil types classified by hydrologic group in the Eastern Corn Belt region of the
United States. Each point represents a field.
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3 Data

I parameterize the theoretical model using simulated data from the Environmental Policy

Integrated Climate (EPIC) model (Williams et al., 1989; Izaurralde et al., 2006), which

integrates soil properties, climate inputs, topography, and land management decisions to

simulate field-level physicochemical processes over long time horizons. Soil data are drawn

from the Soil Survey Geographic Database (SSURGO), daily climate inputs from the World

Climate Research Programme Coupled Model Intercomparison Project Phase 6 (CMIP6)

(Eyring et al., 2016), and field boundary and land-use information from the USDA Cropland

Sequence Boundaries dataset (Hunt et al., 2024). Simulation inputs comprise geospatial

characteristics (latitude, longitude, slope, elevation, and aspect ratio) and daily weather

variables (precipitation, minimum and maximum temperature, solar radiation, humidity,

and wind speed). Soil parameters include albedo, hydrologic group, layer depth and bulk

density, sand and silt fractions, pH, organic carbon content, calcium carbonate concentration,

rock fragment content, and hydraulic conductivity.

Soil carbon accumulation under conservation tillage operates over horizons of 60 to 90

years, making it impractical for field experiments to observe a complete sequestration cycle

within a standard research timeline. Administrative data on voluntary carbon market con-

tracts do not yet span sufficient time to identify long-run adoption dynamics. EPIC is the

standard simulation tool in the agronomic literature precisely because it has been extensively

validated against observed soil carbon trajectories across diverse climatic and edaphic con-

ditions (Izaurralde et al., 2006; Causarano et al., 2008). Importantly, the model inputs used

here are drawn from real observational data. The simulation methodology is accordingly best

understood as a structured integration of observational inputs through a validated biophys-

ical process model that generates the parameter estimates needed to characterize long-run

sequestration dynamics at field scale.

Management practices are standardized across simulations to isolate tillage effects. Tillage

operations are scheduled in late April, corn planting in early May, and harvest in mid-
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September, with residue shredded post-harvest. Annual fertilizer applications are fixed at

185 kg/ha, 150 kg/ha, and 116 kg/ha, and irrigation follows an automatic stress-triggered

schedule. I evaluate three tillage systems: no-till (NT), reduced tillage (RT, tandem disk),

and conventional moldboard plow tillage (CT). Fields are drawn from five representative

Midwestern watersheds — Sugar, Lower Maumee, Maple, Macoupin, and Upper Fox — se-

lected to capture soil and climate heterogeneity across the region. Within each watershed,

I stratify by hydrologic soil group and sample fields proportionally, yielding 70 fields in to-

tal. Simulations are first run under CT for over 200 years until SOC reaches its long-run

equilibrium value, establishing realistic baseline conditions. I then conduct 60 to 90 year

simulations under NT, RT, and CT to compare SOC trajectories and crop yields. The 70-

field sample is stratified by soil characteristics across five watersheds to ensure systematic

coverage of the dominant soil and climate conditions in Midwestern agriculture. The market

price of corn is set at $4.04 per bushel (Macrotrends, 2024), which translates to $160 per

ton of corn (U.S. Grains Council, 2024).

Table 1 reports the key EPIC-derived parameters: C∗ (ton/ha), the maximum attainable

carbon stock under a given practice; C0 (ton/ha), the baseline stock under long-run CT; s

(year−1), the sequestration rate; and y (ton/ha), average crop yield. NT dominates RT in

both SOC sequestration and yields across all fields; the analysis accordingly focuses on the

NT versus CT comparison.

4 Theoretical Framework and Results

A representative farmer chooses a tillage practice θt in each period to maximize expected

discounted profits:

V = max
θ1,θ2,..θ∞

∞∑
t=0

βtE[πt] (1)

where β ∈ (0, 1) is the discount factor. Period profits depend on the carbon payment
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Table 1: Simulated mean corn yield (y, t ha−1), lowest soil organic carbon (SOC) stock (C0,
t ha−1), SOC threshold (C∗, t ha−1), and annual carbon sequestration rate (s, yr−1) under
conservation tillage practices: no-till (NT), and reduced tillage (RT) for each soil hydrology
group. Estimates are derived from Environmental Policy Integrated Climate (EPIC) model
simulations covering 70 fields in five watersheds (Sugar Creek, Lower Maumee, Maple, Ma-
coupin, and Upper Fox). Standard errors are in parentheses. Field-level observations appear
in the Appendix.

Yield (t ha−1) Sequestration rate Lowest SOC stock Critical SOC threshold

Hyd. yCT yNT yRT sNT sRT C0 C∗
NT C∗

RT

A 12.04 (0.29) 11.87 (0.28) 11.79 (0.32) 0.075 (0.005) 0.078 (0.005) 32.26 (4.30) 37.51 (4.65) 36.31 (4.62)

B 11.42 (0.24) 10.49 (0.22) 10.28 (0.24) 0.058 (0.004) 0.064 (0.004) 54.31 (5.70) 65.02 (6.91) 61.85 (6.52)

C 11.15 (0.23) 10.33 (0.25) 10.14 (0.27) 0.057 (0.002) 0.067 (0.002) 53.91 (3.04) 61.91 (3.23) 59.43 (3.10)

D 11.50 (0.40) 10.79 (0.49) 10.67 (0.47) 0.060 (0.002) 0.068 (0.003) 40.46 (3.29) 46.79 (3.73) 45.25 (3.66)

Note: Standard errors in parentheses.

policy in place. I consider five alternative designs, differing in the basis of payment (carbon

stock level, incremental carbon change, or conservation practice adoption) and in whether

penalties apply for carbon release. The sub-sections 4.1 through 4.5 characterize each design

in turn.

4.1 Policy 1: Payments proportional to the current carbon stock

Period profits are given by:

πt = (E[Ct]− C0)×m+ E[yt]× P − Cost(θt). (2)

Here Ct denotes the soil carbon stock at the end of period t, C0 is the baseline carbon

stock under long-run conventional tillage, m is the carbon payment rate ($ per ton of carbon),

P is the crop price, yt is crop yield, and Cost(θt) represents the cost associated with practice

θt.

The farmer chooses between no-till (NT, θNT ) and conventional tillage (CT, θCT ), where

θt ∈ {θNT , θCT}. NT increases SOC over time but reduces crop yields (yNT < yCT ), while

CT releases carbon whenever Ct > C0.
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When m is sufficiently high to induce NT adoption, the value function is:

VNT =
∞∑
t=0

βt[E[yNT ]× P + (E[Ct]− Co)×m− cost(θNT )] (3)

Following Ragot and Schubert (2008); Malik (2026), SOC sequestration dynamics under

conservation practice are modeled as E[Ct] = C∗ − (C∗ − C̃)e−s(t+1), where s governs the

sequestration rate, and depends on soil type, weather conditions, and management practices,

and C̃ denotes the SOC at the beginning of period t = 0. The value function in closed-form

is:

VNT =
E[yNT ]× P − CostNT

1− β
+

(C∗ − C0)m

1− β
− (C∗ − C̃)e−sm

1− βe−s
(4)

When m is sufficiently low, the farmer adopts CT at all SOC levels. The initial SOC level

C̃ decreases over time and asymptotically approaches Co. The corresponding value function

is:

VCT =
∞∑
t=0

βt[E[yCT ]× P + (E[Ct]− Co)×m− cost(θCT )] (5)

SOC release dynamics are modeled as E[Ct] = C0 + (C̃ − C0)e
−s′(t+1), where s′ governs the

release rate (Ragot and Schubert, 2008; Malik, 2026). The closed-form value function is:

VCT =
E[yCT ]× P − CostCT

1− β
+

(C̃ − C0)e
−s′m

1− βe−s′
(6)

For the farmer to adopt NT, it must be that VNT ≥ VCT , which requires:

m ≥

(
C∗ − C0

1− β
− (C∗ − C̃)e−s

1− βe−s
− (C̃ − C0)e

−s′

1− βe−s′

)−1(
∆y × P −∆Cost

1− β

)
(7)

where ∆y = E(yCT − yNT ) is the expected yield loss under NT, and ∆Cost = cost(θCT ) −

cost(θNT ) is the difference in implementation costs. Equality in (7) defines the minimum

carbon payment required to induce NT adoption.
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The lifetime carbon payment per ton of sequestered carbon under NT is:

PaymentNT =
m

1− β
− C∗ − C̃

C∗ − C0

e−sm

1− βe−s
(8)

4.2 Policy 2: Payments proportional to the carbon stock, condi-

tional on adopting a conservation practice

In this policy, farmers receive payments proportional to their carbon stock only in periods

when they adopt the conservation practice. Period profits are given by:

πt = (E[Ct]− C0)×m× 1(θt = θNT ) + E[yt]× P − cost(θt). (9)

The key distinction from Policy 1 is that the farmer receives no carbon payment when

CT is adopted, eliminating the incentive to collect payments on legacy carbon stocks without

changing practices.

The value function for NT is:

VNT =
∞∑
t=0

βt[E[yNT ]× P + (E[Ct]− Co)×m− cost(θNT )] (10)

Using the SOC dynamics for the conservation practice, the closed-form value function is:

VNT =
E[yNT ]× P − CostNT

1− β
+

(C∗ − C0)m

1− β
− (C∗ − C̃)e−sm

1− βe−s
(11)

With CT, the farmer receives no carbon payment, so the value function simplifies to:

VCT =
∞∑
t=0

βt[E[yCT ]× P − cost(θCT )] =
E[yCT ]× P − CostCT

1− β
(12)
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For the farmer to adopt NT, it must be that VNT ≥ VCT , which requires:

m ≥

(
C∗ − Co

1− β
− (C∗ − C̃)e−s

1− βe−s

)−1(
∆y × P −∆Cost

1− β

)
(13)

Note that m does not depend on the carbon release rate s′, since the farmer receives no

payment under CT regardless of the SOC trajectory. The lifetime carbon payment per ton

of sequestered carbon for NT is given by equation (8).

4.3 Policy 3: Payments or penalties proportional to the incremen-

tal carbon stock

Under this policy, farmers are compensated for increases in SOC within a given period

and penalized for any SOC released in periods of conventional practices. Period profits are

given by:

πt = E[Ct − Ct−1]×m+ E[yt]× P − cost(θt) (14)

The value function for NT is:

VNT =
(C∗ − C̃)(1− e−s)m

1− βe−s
+

E[yNT ]× P − CostNT

1− β
(15)

The corresponding expression for CT is:

VCT =
(C̃ − Co)(e

−s′ − 1)m

1− βe−s′
+

E[yCT ]× P − CostCT

1− β
(16)

The condition VNT ≥ VCT requires:

m ≥

(
(C∗ − C̃)(1− e−s)

1− βe−s
+

(C̃ − C0)(1− e−s′)

1− βe−s′

)−1
∆y × P −∆Cost

1− β
(17)
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The lifetime carbon payment per ton of sequestered carbon is:

PaymentNT =
C∗ − C̃

C∗ − C0

(1− e−s)m

1− βe−s
(18)

4.4 Policy 4: Payments proportional to the incremental carbon

stock, conditional on adopting a conservation practice

This policy pays farmers proportional to the incremental increase in SOC within a given

period when they adopt the conservation practice, but imposes no penalty for carbon release

upon reverting to conventional tillage. Period profits are given by:

πt = E[Ct − Ct−1]×m× 1(θt = θNT ) + E[yt]× P − cost(θt). (19)

The value functions for NT and CT are:

VNT =
(C∗ − C̃)(1− e−s)m

1− βe−s
+

E[yNT ]× P − CostNT

1− β
(20)

VCT =
E[yCT ]× P − CostCT

1− β
(21)

The condition VNT ≥ VCT requires:

m ≥

(
(C∗ − C̃)(1− e−s)

1− βe−s

)−1
∆y × P −∆Cost

1− β
(22)

The lifetime carbon payment per ton of sequestered carbon for NT is given by equation

(18).

Result 1 (Structural cycling equilibrium under Policy 4). For any finite payment rate

m, there exists a threshold C̄(m) ∈ (C0, C
∗) beyond which NT adoption becomes unprofitable.

The threshold C̄(m) is strictly increasing in m, but C̄(m) < C∗ for all finite m. Consequently,
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no finite payment rate sustains permanent NT adoption, and the long-run equilibrium under

Policy 4 is characterized by repeated switching between NT and CT.

Proof. For a given carbon payment rate, m, the threshold soil carbon level above which NT

is no longer optimal is given by:

C̄(m) = C∗ − (∆y × P −∆Cost)(1− βe−s)

m(1− β)(1− e−s)
(23)

Differentiating (23) with respect to m yields ∂C̄(m)/∂m > 0, implying that the threshold

increases with the payment rate. Moreover, C̄(m) < C∗ for every finite m. As C exceeds

C̄(m), the farmer abandons NT and switches to CT. The farmer subsequently returns to

NT once soil carbon has declined sufficiently, generating repeated switching between NT

and CT in the long run. Upon reaching C̄(m), the farmer switches to CT until the carbon

level reaches CL. Let it take ts periods of NT to increase the carbon level back to C̄(m).

Cycling between the carbon levels CL and C̄(m) is preferred to remaining indefinitely at

the threshold C̄(m) whenever the discounted carbon payments exceed the associated yield

losses, i.e.,

ts∑
t=1

βt−1(C∗ − CL)(e
s − 1)me−st −

ts∑
t=1

βt−1(∆y × P −∆Cost) ≥ 0 (24)

Also,

CL = C∗ − ests(C∗ − C̄(m)) (25)

Combining these equations yields the transcendental equation in ts for which a cyclic equi-

librium is profitable:

ests(1− (βe−s)ts+1)

1− βts+1
− ∆y × P −∆Cost

(1− β)(C∗ − C̄(m))
≥ 0 (26)

Since the second term in (26) is finite and the first term increases without bound as ts
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increases, there exists a finite ts sufficiently large such that (26) is satisfied. Hence, repeated

switching between NT and CT is profitable.

4.5 Policy 5: Payments for adopting a conservation practice

This policy pays the farmer a constant payment m in each period of conservation practice

adoption, irrespective of the carbon stock level or the quantity of carbon sequestered. For

the farmer to adopt NT, the payment must cover the expected yield loss and any additional

adoption costs:

m ≥ ∆y × P −∆Cost (27)

The lifetime carbon payment per ton of sequestered carbon is:

paymentNT =
m

(C∗ − C0)(1− β)
(28)

4.6 Comparative Analysis of Payment Policies

Figure 3 shows how the minimum carbon payment m varies with the initial carbon

stock C̃ under Policies 1 through 4. Under Policies 1, 2, and 3, m is decreasing in C̃:

farmers with higher initial carbon stocks require lower payments to adopt NT because they

generate larger carbon revenues from the outset. Under Policy 4, the relationship reverses:

m is strictly increasing in C̃, and as C̃ → C∗, equation (22) implies m → ∞. This is the

structural defection problem established in Result 1: for any fixed payment rate, farmers

facing declining incremental sequestration gains rationally revert to conventional tillage to

release stored carbon and restart the payment cycle. Policy 4 is therefore excluded from the

welfare comparison that follows.

The welfare comparison across the remaining designs uses the discounted lifetime carbon

payment as the relevant cost measure, evaluated at C̃ = C0, the condition that maximizes m

under Policies 1, 2, and 3 and therefore provides the most conservative welfare comparison.
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Figure 3: Minimum carbon payment m required to incentivize NT as a function of initial
carbon stock C̃ under Policies 1 through 4, for the representative field in the best-draining
soil type (hydrology group A).

Figure 4 reports these lifetime payments. Although Policy 3 requires the highest per-period

m at low SOC levels, it generates the lowest lifetime payments: payments are made only

on incremental SOC gains each period, and cease entirely once the carbon stock reaches its

saturation level C∗. This does not, however, make Policy 3 preferable: the lock-in problem

at saturation means the farmer bears continued yield costs while receiving no additional

payments, making it unattractive despite low lifetime payment levels. While Policy 2 requires

a lower per-period payment m than Policy 1 when C̃ > C0 and thus lower discounted lifetime

payments, both policies generate identical discounted lifetime payments when C̃ = C0. The
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US social cost of carbon is $190 per ton of CO2, equivalent to $697 per ton of carbon (Farah

and Clark, 2022). Discounted lifetime payments under Policies 1 and 2 remain below this

threshold for three of the four soil types studied, confirming that these designs are welfare-

improving. For the most poorly drained soil type (hydrology group D), discounted lifetime

payments under Policies 1 and 2 exceed the SCC, indicating that conservation tillage on

poorly drained soils may not pass a social cost-benefit test at current carbon prices.
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Figure 4: Discounted lifetime carbon payments for Policies 1, 2, 3, and 5 when NT is adopted
and C̃ = C0, computed using m values obtained from the Bellman equation solution. The
dashed line indicates the US social cost of carbon.

Table 2 reports m values from the analytical expressions of each policy when C̃ = C0.

Policy 3 requires higher per-period payments m than Policies 1 and 2 because the payment is

proportional to the incremental carbon gain in each period rather than the total stock. Policy

5 requires higher payments because it ignores the trajectory of carbon accumulation over

time. Across all policies, m varies considerably with soil type, underscoring the importance

of spatially targeted payment schemes.
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Table 2: Optimal carbon payments ($/ton C) calculated using analytical expressions and
from the numerical solutions of the Bellman equation for all hydrology groups.

Analytical Bellman Equation

Policy 1 Policy 2 Policy 3 Policy 5 Policy 1 Policy 2 Policy 3

8.21 8.21 164.20 26.31 12.00 12.00 162.00
25.38 25.38 507.61 147.78 34.00 34.00 510.00
30.59 30.59 611.84 132.19 43.00 43.00 610.00
32.84 32.84 656.73 114.74 48.00 48.00 640.00

4.7 Incorporating SOC Stochasticity Through Bellman Equation

The analytical expressions derived above abstract from stochasticity in the carbon se-

questration process. I now validate these results against numerical solutions obtained by

formulating the infinite-horizon optimization problem recursively through the Bellman equa-

tion. Equation (1) can be written as:

V (C) = max
θ

{
E
[
π(C, θ)

]
+ β

∑
C′

P (C ′ | C, θ)V (C ′)

}
(29)

where V (C) is the value function representing the maximum expected discounted prof-

its attainable from SOC state C, θ is the management practice chosen in a given period,

E[π(C, θ)] is expected current-period profit, and P (C ′ | C, θ) is the transition probability

from state C to state C ′ for practice θ. Transition probabilities are constructed assuming

that stochastic variation in SOC is normally distributed, subject to C ∈ [C0, C
∗]. The

Bellman equation is solved using value function iteration.

Assuming that the stochastic variation in the state space variable C follows normal

distributions around the expected values, the value function can be expressed as:

V (C) = max
θ

{
E
[
π(C, θ)

]
+ β

[∫ ∞

−∞

e−(C′−E(C′))2/(2σ2
c (θ))

√
2πσc(θ)

V (C ′)dC ′

]}
(30)
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Since soil carbon is bounded, C ∈ (C0, C
∗), the integral in equation (30) is adjusted as:

V (S) = max
θ

{
E
[
π(C, θ)

]
+ β

[ ∫ Co

−∞
ϕθ(C

′)V (Co) dC
′

+

∫ C∗

Co

ϕθ(C
′)V (C ′) dC ′

+

∫ ∞

C∗
ϕθ(C

′)V (C ′) dC ′
]}

(31)

where ϕθ(C
′) =

exp

(
− (C′−E(C′))2

2σ2
c (θ)

)
√
2π σc(θ)

.

The variability in soil carbon associated with practice θ is captured by σc(θ). Crop

yield is also subject to stochastic variation arising from weather, soil, and field conditions.

However, only its expected value enters the profit function when solving for optimal farmer

decisions.

Table 2 reports optimal carbon payments from both the analytical expressions and the

Bellman equation solutions. For Policies 1 and 2, Bellman-derived m values are slightly

higher than their analytical counterparts, reflecting the additional compensation required

to offset uncertainty in carbon sequestration outcomes. For Policy 3, the numerical and

analytical solutions converge closely. Across all policies, m varies substantially with soil

type, confirming that cost-effective program design calls for spatially targeted payments

calibrated to biophysical characteristics.

Figure 5 illustrates optimal farmer decisions as a function of SOC for the representative

field in the best draining soil type (hydrology group A). With Policy 2, farmers adopt CT

at all SOC levels when m ≤ $5/ton C. For payment rates between $6 and $11 per ton C,

farmers adopt CT for small C̃ and switch to NT for higher C̃. For m ≥ $12/ton C, NT is

optimal at all SOC levels. Farmer behavior with Policy 1 is qualitatively similar.

In Policy 3, farmer behavior exhibits a richer pattern consistent with the lock-in prob-

lem identified in Section 4.3. For m < $162/ton C, farmers adopt NT for small C̃ where

sequestration rates are high and incremental payments are large. At intermediate C̃, as the
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Figure 5: Optimal farmer decisions for the representative field in the best draining soil type
(hydrology group A) under Policies 2 and 3 for different values of m. Red circles indicate
the two equilibrium points under Policy 3.

sequestration rate slows, farmers revert to CT. At high C̃, the penalty for carbon release is

sufficiently large to make NT optimal again. This generates two equilibrium points, indicated

by the red circles in Figure 5: a lower equilibrium at C̃1 = 32.44 tons C, where the farmer

switches from NT-to-CT, and an upper equilibrium at C̃2 = C∗. The reverse switch from

CT-to-NT occurs at C̃ = 33.81 tons C. Farmers with C̃ < 33.81 tons C sequester carbon up

to C̃1; those with higher initial stocks sequester to saturation at C̃2.
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4.8 Policy Ranking and Additionality

The analysis yields a clear policy ranking. Policy 4 is eliminated by Result 1: the cy-

cling equilibrium ensures that participating farmers rationally defect to conventional tillage

as their carbon stock rises, producing zero net permanent sequestration for any finite pay-

ment rate. Policy 3, despite generating the lowest discounted lifetime payments, is unlikely

to achieve sustained adoption in practice. The penalty for carbon release is politically and

administratively costly to implement, and once soils reach their saturation level C∗, pay-

ments cease while farmers continue to bear yield losses from conservation practices and face

prohibitive penalties for reverting to conventional tillage. The lock-in problem makes Policy

3 unattractive to farmers regardless of payment levels. Policy 5 is sub-optimal from a social

planner’s perspective: because payments are tied to practice adoption rather than carbon

outcomes, there is no accountability for actual sequestration, and farmers may engage in

operations that release stored carbon while nominally maintaining conservation practices.

Policy 2 dominates Policy 1 on additionality grounds. In Policy 1, a farmer with a high

legacy carbon stock who adopts conventional tillage continues to collect carbon payments

proportional to that stock, generating inframarginal transfers with no associated sequestra-

tion. With Policy 2, payments are conditional on conservation practice adoption, which

eliminates this incentive entirely. Policy 2 is therefore the optimal design: it minimizes re-

quired payment levels, maintains consistent adoption incentives throughout the sequestration

horizon, and substantially limits the additionality problem.

A farmer is inframarginal, that is, adopts NT in the absence of any carbon payment, if

and only if ∆y ≤ ∆Cost. With the maintained assumption that implementation cost differ-

ences are negligible, this condition reduces to ∆y ≤ 0: the farmer’s yield does not decline

under NT relative to CT. Of the 70 fields in the EPIC sample, two satisfy ∆y ≤ 0, indi-

cating that non-additional participation is limited in the present sample but non-negligible

in practice. Field-level results are reported in the Appendix. Under Policy 2, such farmers

receive payments only when they adopt NT, which limits but does not eliminate the welfare
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cost of non-additional transfers relative to the social optimum. In Policy 1, inframarginal

farmers collect payments regardless of practice, making the additionality problem strictly

worse.

4.9 Welfare Gains from Spatially Targeted Carbon Payments

The variation in required payment rates across soil types documented above implies that

a uniform national carbon price is welfare-inferior to a spatially targeted scheme calibrated

to soil characteristics. I quantify this welfare gap using the cost structure of Policy 2, the

optimal design identified in Section 4.8, evaluated across the agricultural land of the five

watersheds studied. Table 3 reports the total agricultural area, lifetime payment per ton of

carbon, SOC gain per hectare, total SOC gain, and total program cost for each hydrology

group. Spatially targeted payments calibrated to each soil type imply a cumulative lifetime

program cost of $5.19 billion for a total carbon sequestration of 9.008 million tons, or $576.4

per ton C. This is substantially below the US social cost of carbon of $697 per ton C

(Farah and Clark, 2022), confirming that the targeted policy is welfare-improving. A uniform

payment scheme set at $48 per ton C, the rate required to induce adoption on the most costly

soil type, implies a sequestration cost of $745 per ton of carbon, slightly exceeding the SCC.

Spatially targeted payments therefore reduce total program costs by approximately 22%

relative to the uniform scheme while achieving the same sequestration outcome.

Table 3: Cost analysis of spatially targeted carbon payments for Policy 2 across the agri-
cultural land of the five watersheds. Lifetime payments are calibrated to each soil type’s
biophysical characteristics.

Hydrology Area (ha)
Lifetime payment

($/ton C)
∆SOC/Area
(ton ha−1)

∆SOC
(million tons)

Cost
(million $)

A 96,609 193.13 5.26 0.508 98.11
B 382,155 524.97 10.70 4.089 2146.62
C 510,008 662.14 8.00 4.080 2701.54
D 52,307 744.99 6.33 0.331 246.59

Total 1,041,079 9.008 5192.86
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5 Breakeven Point and Front Loaded Payment Schemes

This section focuses exclusively on Policy 2, which the preceding analysis identifies as

the optimal design. For any payment level m, there exists a breakeven time T of net profits

determined by:

T∑
t=0

βt
[
(∆y × P − (C∗ − C0)(1− e−s(t+1))m−∆Cost

]
= 0 (32)

The closed-form expression is:

(∆y × P −∆Cost)(1− βT+1)

1− β
−

[
1− βT+1

1− β
−
[
1− (βe−s)T+1

]
e−s

1− βe−s

]
(C∗−Co)m = 0 (33)

At the minimum payment level derived in (13), the breakeven time is infinite. Figure 6

illustrates this relationship for a representative field in the best-draining soil type (hydrology

group A). A marginal increase above the minimum m yields 35 years to breakeven, and

reducing this horizon to fewer than 5 years requires approximately four times larger payments

than the minimum value.

The above analysis with a constant carbon payment rate leads to long payback periods,

reducing the attractiveness of adoption of conservation practices. A natural alternative is

a time-varying payment scheme that front-loads payments. Let m(t) denote the payment

at time t, with limt→∞ m(t) = m∞. For adoption to remain optimal at the saturation SOC

level C∗, m∞ must satisfy:

m∞ ≥ ∆y × P −∆Cost

C∗ − C0

(34)

Table 4 reports m∞ for the representative fields of different hydrology groups. The

minimum payment schedule balances the lifetime profits from NT adoption with those from
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Figure 6: Breakeven time T as a function of the carbon payment m for a representative field
in best-draining soil type (hydrology group A).
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CT, and thus satisfies:

∞∑
t=0

βt
[
E(yNT )× P + (C∗ − C0)(1− e−s(t+1))m(t)− CostNT

]
=

∞∑
t=0

βt [E(yCT )× P − CostCT ]

(35)

Table 4: Minimum carbon payment m and limiting payments m∞ by hydrology group. All
values are in units of $/ton C.

Hydrology m m∞
A 8.21 5.01
B 25.38 13.81
C 30.59 16.52
D 32.84 18.13

Equation (35) reveals that all optimal payment schedules m(t) yield identical lifetime

discounted payments, given by the expression
∑∞

t=0 β
t(C∗ − C0)(1 − e−s(t+1))m(t). As an

example of a front-loaded carbon payment scheme, one can consider the functional form

m(t) = ae−bt + m∞. In this scheme, m(0) = a + minfty and the payment decreases and

asymptotically approaches m∞ with time. Parameter b decides the rate of decline of the

payment. Substituting into (35) yields:

a

1− βe−b
− ae−s

1− βe−(s+b)
=

∆y × P −∆Cost

(1− β)(C∗ − C0)
− m∞

1− β
+

m∞e−s

1− βe−s
(36)

Using the m∞ relation given in equation (34), one gets:

a =

[
1

1− βe−b
− e−s

1− βe−(s+b)

]−1

× m∞e−s

1− βe−s
(37)

The breakeven time T under this time-varying payment scheme is given by substituting

m(t) in equation 32:

T∑
t=0

βt
[
(∆y × P − (C∗ − C0)(1− e−s(t+1))(ae−bt +m∞)−∆Cost

]
= 0 (38)
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The corresponding closed-form expression becomes:

a
1− (βe−b)T+1

1− βe−b
− ae−s1− (βe−(s+b))T+1

1− βe−(s+b)
−m∞e−s1− (βe−s)T+1

1− βe−s
= 0 (39)

Front-loaded payments, however, introduce a defection incentive: farmers may revert to

conventional tillage once payments decline over time. To prevent this, payments must remain

above the level that makes deviation in any period unprofitable. For a time-period t, this

threshold payment level, ms(t) is given by:

ms(t) =
∆y × P −∆Cost

(C∗ − Co)(1− e−s(t+1))
(40)

Proposition 1. The threshold payment level, ms(t) is an optimal payment scheme.

Proof: ms(t) satisfies equation (35) and is therefore an optimal payment scheme.

Since ms(t) is an optimal payment scheme, any schedule that never intersects it consti-

tutes either an over- or an underpayment, implying that an optimal payment scheme must

intersect ms(t) at least once. A payment schedule is incentive-compatible if this crossing

occurs exactly once, and m(t = 0) ≤ ms(t = 0), ensuring that beyond the intersection point

the farmer has no incentive to revert to conventional tillage. Proposition 2 establishes that

this condition holds when the rate of decay of front-loaded payments b does not exceed the

carbon sequestration rate s.

Proposition 2. A payment schedule m(t) = ae−bt+m∞ is incentive-compatible if a(es−1) <

m∞ and b ≤ s.

Proof: The first condition, a(es − 1) < m∞ is directly derived from the requirement

that m(0) ≤ ms(0).

Let t∗ denote the time for which m(t∗) = ms(t
∗). The desired behavior is that m(t) <

ms(t) for t < t∗ and m(t) > ms(t) for t > t∗. Consider the function g(t) = m(t) − ms(t).
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Now,

g(t) = ae−bt +m∞ − m∞

1− e−s(t+1)

=⇒ g(t) =
ae−bt(es(t+1) − 1)−m∞

es(t+1) − 1

Since the denominator of g(t) is always positive, consider the numerator:

F (t) = aese(s−b)t − ae−bt −m∞

=⇒ F ′(t) = a[es(s− b)e(s−b)t + be−bt]

Thus, F(t) is a monotonically increasing function when b ≤ s. Hence, there is only one

critical point. This proves the proposition.

The critical point, t∗ obtained by F ′(t) = 0 is given by:

t∗ =
1

s
ln

(
b

b− s

)
− 1

The condition b > s implies that t∗ ∈ R.

To illustrate how the front-loaded payments reduce breakeven times, consider the pay-

ment schemes in which the optimal values of a, obtained from equation (37) for different

values of b, are increased by $2 to obtain a finite breakeven time. Figure 7 shows these pay-

ment paths along with ms(t) and the flat payment scheme (b = 0). The associated breakeven

times are marked as red diamonds. The breakeven times decline from 25 years for b = 0 to 16

years for b = s, which is a significant reduction. The breakeven times can be further reduced

by choosing a larger value of a. Figure 7 also shows that after the initial time periods, the

payment schemes remain larger than ms(t) and thus are incentive-compatible.

Lastly, Proposition 3 demonstrates that the parameter a of the optimal front-loaded

payment scheme, which dictates the front-loaded payment levels, is bounded over the domain

b ∈ [0,∞).
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Figure 7: Front-loaded carbon payment paths of the form m(t) = ae−bt +m∞ for different
values of b for a representative field in the best-draining soil type (hydrology group A). a
is chosen in each case as the optimal value obtained through the equation (37) plus $2 to
ensure that breakeven times are finite. Red diamond markers indicate the corresponding
breakeven time for each m(t).
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Proposition 3. In the optimal payment scheme, m(t) = ae−bt + m∞, the parameter a

satisfies:

a ∈
[
m∞e−s(1− β)

1− e−s
,

m∞e−s

(1− βe−s)(1− e−s)

)
Proof: From (37), it is deduced that a is a monotonically increasing function of b.

Hence, the lower bound is attained at b = 0 and the upper bound is approached as b → ∞.

Proposition 3 shows that the bounds of a are decreasing with s, which implies that

technologies or processes that accelerate the rate of sequestration also reduce the ”degree of

front-loadedness” of the optimal payment scheme. Intuitively, when sequestration is rapid,

the benefits of participation accrue earlier in the project life-cycle, reducing the need to

compensate farmers through large up-front payments. Slower sequestration, by contrast,

requires more aggressive front-loading to offset the delayed accrual of benefits.

6 Conclusion

This paper develops an analytically tractable framework to evaluate five carbon payment

designs for incentivizing soil organic carbon sequestration through conservation tillage, de-

riving closed-form minimum payment conditions under each design and parameterizing the

model using EPIC simulations across 70 Midwestern fields. The findings establish a clear

ranking across payment designs. Flat adoption payments (Policy 5) are sub-optimal because

they provide no accountability for actual sequestration outcomes and generate substantial

inframarginal transfers. Incremental payment designs fail more fundamentally. Without

penalties for carbon release (Policy 4), the minimum payment required to sustain no-till

adoption is strictly increasing in the current SOC stock, generating a structural cycling

equilibrium in which farmers rationally alternate between no-till and conventional tillage,

with net permanent sequestration equal to zero for any finite payment rate. With penalties

(Policy 3), the cycling incentive is suppressed but replaced by a lock-in problem at sat-

uration where farmers bear continued yield costs while receiving no additional payments.
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Stock-based payments conditional on conservation practice adoption (Policy 2) emerge as

the uniquely robust design: required payment levels are lowest across all soil types, the

additionality problem is structurally resolved by conditioning on practice adoption, and con-

sistent sequestration incentives are maintained throughout the carbon accumulation horizon.

Lifetime discounted payments under Policy 2 remain below the US social cost of carbon for

three of the four soil types studied, confirming that the policy is welfare-improving. The

required payment rate varies substantially with biophysical conditions. Spatially targeted

payments calibrated to soil hydrology group characteristics reduce total program costs by

approximately 22% relative to a uniform national carbon price while achieving equivalent

sequestration, with welfare gains concentrated on well-drained soils where required payments

are low. Lastly, front-loaded payment schemes can significantly shorten breakeven periods

relative to flat payments, facilitating adoption. This work uncovers the conditions under

which front-loaded schemes remain incentive-compatible as the payment stream diminishes,

preventing farmer defection to conventional practices.

Although the model is calibrated to Midwestern field conditions, the analytical results

are not specific to that context. The structural cycling equilibrium under Policy 4, the addi-

tionality problem under Policy 1, and the dominance of Policy 2 follow from the mathematics

of carbon stock dynamics under forward-looking farmer optimization. These properties hold

for any setting in which sequestration is reversible, soils have finite storage capacity, and con-

servation practices impose short-run yield costs. Voluntary carbon markets are expanding

rapidly across Sub-Saharan Africa and South Asia, where additionality concerns, monitor-

ing constraints, and farmer distrust of payment institutions pose greater implementation

challenges than in the United States. In these contexts, the policy hierarchy identified here

carries direct practical relevance, and the closed-form minimum payment conditions derived

under Policy 2 provide a tractable basis for calibrating carbon payment programs to local

biophysical and economic conditions in data-scarce environments. These findings carry di-

rect implications for the design of conservation incentive programs and voluntary carbon
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markets where payment structures remain actively debated.
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A Appendix

A.1 Derivation of carbon sequestration and release dynamics

A.1.1 Carbon sequestration

Carbon sequestration dynamics should satisfy the following boundary conditions:

lim
t→∞

C(t) = C∗ (A1)

lim
t→0

C(t) = C̃ (A2)

Carbon content asymptotically approaches the saturation value as t → ∞. Hence,

lim
t→∞

dC(t)

dt
= 0 (A3)

Carbon sequestration rate, dC(t)
dt

≥ 0 and its derivative, d2C(t)
dt2

≤ 0. Also, the carbon seques-

tration rate is proportional to the extent to which the soil is depleted of the carbon content.

Therefore,

dC(t)

dt
∝ (C∗ − C(t)) (A4)

Equation (A4) is solved assuming the proportionality constant to be s, giving us:

C∗ − C(t) = ke−st (A5)

Using the condition (A2), one gets:

C(t) = C∗ − (C∗ − C̃)e−st (A6)
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A.1.2 Carbon release

The analogous conditions for carbon release dynamics are the following:

lim
t→∞

C(t) = Co (A7)

lim
t→0

C(t) = C̃ (A8)

Carbon content asymptotically approaches Co as t → ∞. Hence,

lim
t→∞

dC(t)

dt
= 0 (A9)

Carbon release rate, dC(t)
dt

≤ 0 and its derivative, d2C(t)
dt2

≥ 0. The carbon release rate is

proportional to the carbon content of the soil. Therefore,

dC(t)

dt
∝ −(C(t)− Co) (A10)

Assuming the proportionality constant equal to s’, one gets:

C(t) = Co + (C̃ − Co)e
−s′t (A11)

Alternately, the carbon release dynamics can be thought of as an inverse process of carbon

sequestration with C∗ replaced by Co and s replaced by s’ in the equation (A6).

A.2 Environmental Policy Integrated Climate (EPIC) simulation

results

Figure A.1 shows the distributions of SOC and yield obtained with CT for corn in fields

belonging to different hydrologic groups. These SOC distributions represent stable SOC

levels after the fields have been tilled with CT for an extended period. Hydrologic group
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Figure A.1: Distributions of SOC levels (left) and corn yield (right) across different fields
under conventional tillage from EPIC simulations. Hydrologic group B exhibits the highest
SOC and the lowest yields. Hydrologic group D has the lowest SOC levels but displays a
bimodal distribution. Yields in hydrologic group D are relatively high and show significant
variability. SOC levels in hydrologic group A also exhibit a bimodal distribution.

A has the smallest average SOC, whereas group C has the largest average SOC. Hydrologic

group B shows the greatest range of stable SOC values. The corn yield distributions for CT

is relatively constant across the different hydrologic groups, although the average yield is

slightly higher for the fields in hydrologic group A.

Appendix Figure A.3 shows distributions of SOC gains and yield losses for the no till

(NT) and reduced till (RT) practices for the fields belonging to different hydrologic groups.

It is observed that the yield loss is smallest in hydrologic group A when either no-till (NT) or

reduced till (RT) is employed, but it is also associated with smallest SOC gain. Hydrologic

group B shows largest average SOC gain but also the largest yield loss.
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Figure A.2: Distribution of increase in SOC under no till and reduced till practices for corn
cultivation from EPIC simulations. The shaded blue histograms represent no till, while the
pink histograms represent reduced till. Purple regions indicate overlapping areas between
the no-till and reduced-till histograms. Overall, greater SOC increase is observed under no
till compared to reduced till.
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Figure A.3: Distribution of increase in SOC for fields in different hydrologic groups under
(a) no-till and (b) reduced till practices from EPIC simulations. Hydrologic group A exhibits
the smallest SOC increase and the smallest yield loss. Hydrologic group B shows the largest
SOC increase as well as the largest yield loss.
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