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Cost-shared programs have been applied to incentivize the adoption of agricultural best management practices
(BMPs) to address the long-standing water quality issue in the Chesapeake Bay watershed, US. However, the
business-as-usual (BAU) incentive program (i.e., pay-for-practice, paying cost share for implementing BMPs) is
likely to miss the Total Maximum Daily Load target to reduce 20% of the total suspended sediment (TSS) in 2010
by 2025. Some field experiments indicate that pay-by-performance (PFP; paying lower cost share but with
additional bonus payment per unit sediment reduction) can better motivate community involvement leading to
greater water quality control outcomes. However, the effectiveness of different incentive policies is still unclear
at a basin scale. We propose a coupled agent-based modeling tool to quantify the performance of different
incentive policies. The tool considers farmers’ (i.e., agents’) BMP adoption dynamics affected by the social norm
and the potential bonus payment. Specifically, we compare individual-based PFP (PFP;) and group-based PFP
(PFPg) with BAU. Results of our proposed model applied to the selected study area, the Susquehanna River Basin,
Chesapeake Bay’s largest tributary watershed, suggest that PFP can achieve higher TSS reduction with less cost.
PFPg shows the best basin-wide TSS reduction associated with the least uncertainty among all tested policies.
Also, the performance of PFPq is less impacted by the change in the bonus payment compared to PFP; attributed
to farmers’ collaboration efforts. Potentially, the proposed policy evaluation tool can better inform an achievable
target with policy suggestions in assistance with social studies (e.g., surveys and behavioral experiments).
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the Clean Water Act, the US Environmental Protection Agency (EPA)
assists states and regional authorities in developing the Total Maximum
Daily Load (TMDL). A TMDL establishes the maximum amount of a
pollutant (e.g., N, P, or sediment) allowed in a water body and often

1. Introduction

Suspended sediment transport plays an important role in carrying
nutrients (e.g., nitrogen, N, and phosphorus, P) from soil storage pools to

oceans or lakes through river systems (Li et al., 2022). With increasing
nonpoint inputs of nutrients from commercial fertilizers, surplus nutri-
ents impair waterbodies and induce eutrophication at the coastal wet-
lands or deltas around the world (Carpenter et al., 1998; Mee, 2006).
Such eutrophication-induced hypoxia leads to more than half of marine
dead zones, including Chesapeake Bay in the US, Kattegat in northern
Europe, the Black Sea in southeastern Europe, the Gulf of Mexico in
North America, and East China Sea (Diaz and Rosenberg, 2008).
Compared to point sources, regulating nonpoint sources is highly
challenging since the responsible entities for nonpoint pollutants are
often not identifiable (Hardy and Koontz, 2008). Efforts are required to
mitigate the environmental damages. Authorized by Section 303(d) of
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serves as a target guiding environmental management policy (Borah
et al., 2019).

Agriculture is the major source of nonpoint inputs. Although best
management practices (BMPs) like conservation tillage, buffer strips,
and cover crops are indicated to be an effective way to mitigate N, P, and
sediment emissions to the river systems (Liu et al., 2017), the adoption
of BMPs is often voluntary and not mandated by law as a requirement.
Therefore, incentive programs become a typical way to motivate
voluntary compliance to reduce agricultural nonpoint inputs (Feather
and Cooper, 1995). For example, cost-share programs are carried out to
complement the additional cost and perceived loss in crop production
for implementing BMPs (Commender et al., 2020).
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Fig. 1. The Susquehanna River Basin, US. Grey boundaries are CAST land and river segments defining the spatial unit of agents. Color patches are subbasins. Points
of USGS streamflow gauges are presented with yellow circle symbols. (For interpretation of the references to color in this figure legend, the reader is referred to the

web version of this article.)

“Pay-for-practice” is the most prevalent incentive policy adopted in
the US (Campbell et al., 2021; da Costa et al., 2012; Evans and Skaggs,
2004; Radcliffe, 2001), where the funding agencies cost share partial or
full BMP implementation cost based on ranking formula. The level of
support depends on the rank. Each subsidy payment is generally asso-
ciated with a pre-approval BMP contract listing eligible BMPs,
commitment implementation length, and cost share amount (e.g., Vir-
ginia BMP Cost-Share Program | Fauquier County, VA, 2020). However,
studies have identified some causes that limit the pay-for-practice pol-
icy’s efficiency and efficacy. Those causes include but are not limited to
functional and geographical mismatch to the targeted pollutants (Tal-
berth et al., 2015), inconsistent maintenance over time (Reimer et al.,
2012), and low motivations of community involvement (Collins and
Maille, 2011; Graversgaard et al., 2021; Maille and Collins, 2012).

“Pay-for-performance” (PFP) provides an alternative subsidy allo-
cation platform that tends to be more cost-efficient (Claassen and
Weinberg, 2006; Fales et al., 2016). Instead of paying for implementing
BMPs, PFP pays for the actual reduction of targeted pollutants. For
example, Talberth et al. (2015) used an optimization model to prove that
PFP can achieve the same nutrient reduction as the conventional pay-
for-practice with less than half of the policy cost. However, measuring
the actual pollutant reduction of each cropland is costly and challenging

(Engel, 2016). As a result, field-scale baseline models are usually
established to determine the subsidy payment for the individual-based
PFP (PFP;; Muenich, 2017). As an alternative, Maille and Collins
(2012) conducted a field experiment to test the effectiveness of group-
based PFP (PFPg), where the pollutant reduction is evaluated based on
the gauge measurement at a watershed outlet. During the experiment,
they observed the importance of teamwork among farmers to maximize
the subsidy gain.

However, field experiments are generally small in scale due to high
costs and intensive labor requirements. It is also unclear the validity of
projecting field-scale results to a basin-scale that is often associated with
greater heterogeneities in land use/cover, hydrological responses, cul-
tures, and society. Studies have shown that cropland characteristics,
farmers’ demographics, and social interactions like the social norm
(one’s decision correlates to some degree with neighbor decisions; Bic-
chieri and Muldoon, 2011) could influence individuals’ BMP adoption
decisions in addition to the financial concerns (Liu et al., 2018; Prokopy
et al., 2008; Rodriguez et al., 2009). For PFP, dynamic environmental
feedback plays another critical driving factor since the pollutants’
reduction performance may directly affect farmers’ BMP adoption de-
cisions. These create a need for a policy evaluation tool that can capture
the system’s nonlinearity and heterogeneity, as well as the feedback
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dynamics between natural and human systems, to quantify and compare
the effectiveness of different incentive policies systematically.

Agent-based modeling (ABM), a bottom-up modeling approach, has
been widely adopted to capture heterogeneous human behaviors,
including the interactions among agents (e.g., farmers) and the envi-
ronment in many water resources management problems (Berglund,
2015; Lin et al., 2022a,b). However, few studies have applied ABM as an
incentive policy evaluation tool for water quality management. Liu and
Ruebeck (2020) demonstrated the effectiveness of generic performance-
based environmental payment programs across different communities’
compositions through a grid-based ABM model. However, the environ-
mental feedback is represented by a simple embedded equation. We
would like to further elaborate the work to couple an ABM (human
system) with a process-based sediment simulation model (natural
system).

Overall, this study aims to develop an incentive policy evaluation
tool to systematically compare the effectiveness of pay-for-practice and
PFP at a basin scale, considering dynamic farmers’ BMP adoption de-
cisions through a coupled ABM. We focus on two key driving factors
affecting farmers’ adoption decisions, the social norm and the potential
bonus gain. Their sensitivity to the policy effectiveness and corre-
sponding model output uncertainties will be analyzed. Without losing
the generality, we demonstrate the proposed tool on the suspended
sediment management issue in the Susquehanna River Basin, US, the
largest tributary watershed to the Chesapeake Bay. This work will also
pave the way for more comprehensive research involving social studies
to inform real-world policy better.

The structure of the rest of the paper begins with the introduction of
the study area and incentive policies for comparison in Section 2. The
proposed policy evaluation tool is shown in Section 3. Then, the results
will be presented in Section 4, followed by a Discussion in Section 5.
Finally, the Conclusions are shown in Section 6. A lookup table for ac-
ronyms and notations (Table A.1) is provided in the Appendix.

2. Materials
2.1. Susquehanna River Basin

Susquehanna River Basin (SRB) is the largest tributary watershed
associated with the Chesapeake Bay. SRB has a drainage area of 71,000
km? and contributes to more than half of the inflow of the Bay (Schubel
and Pritchard, 1986). Given substantial increasing anthropogenic ac-
tivities and the use of commercial fertilizers, eutrophication in the
Chesapeake Bay was observed around the mid-1930s. The
eutrophication-induced hypoxia zone impairs the ecosystem (Diaz and
Rosenberg, 2008; Kemp et al., 2005). Seventy-three percent of the total
P load and 18% of the total N load transported to the Bay are typically
attached to the sediment particles (Noe et al., 2020). In 2010, US EPA
reached a mutual agreement with seven states and other local author-
ities to set a TMDL target. The goal is to reduce 20% of the total sus-
pended sediment (TSS) load in 2010 by 2025 (EPA, 2010). Although
millions of dollars are invested in the BMP cost-share program each year,
we only achieved a 12% TSS reduction in 2021 (12 years after the
establishment of the TMDL target), indicating that we are likely to miss
the 20% reduction target (EPA, 2022). Such results might be partially
attributed to the loss of sediment trapping capability (i.e., the loss of the
Conowingo effect; Palinkas et al., 2019) from the Conowingo reservoir.
However, inadequate BMP adoptions and lower BMP effectiveness of the
most prevalent incentive policy, pay-for-practice, are argued to be
another reason for missing the TMDL target. Focusing on evaluating the
effectiveness of different incentive policies on a basin scale, we select US
Geological Survey (USGS) gauge ID 1576000 as the basin outlet (Fig. 1).
Namely, we only model a subarea of SRB to avoid the Conowingo effect
or other influences from the reservoir operations in this study. York
Heaven Dam is small in capacity and has a limited impact on TSS
transportation.
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Table 1
Summary of BAU, PFP;, and PFPg.

Incentive Pay-for-practice Pay-for-performance
li
potiey Individual-based Group-based
Notation BAU PFP; PFPy
Cost-share 75% 50% 50%
%
Social The adoption rate The adoption rate The adoption rate of
norm of adjacent of adjacent neighbors in the same
neighbors neighbors agent group
Bonus x v v

To facilitate the watershed implementation plan of each jurisdiction
to achieve the TMDL target, the Chesapeake Assessment Scenario Tool
(CAST; Chesapeake Bay Program, 2020), an online nutrient and sedi-
ment load estimator, was developed in 2011 (Devereux and Rigelman,
2014). Unlike the Chesapeake Bay Program’s Watershed Mod-
el-Hydrological Simulation Program-Fortran (Watershed Model; Moyer
and Bennett, 2007) used by US EPA to determine the TMDL, CAST is
closer to an accounting tool aiming to be used by stakeholders. To pave
the way for future integration between CAST and our proposed policy
evaluation tool, the same land and river segments used by CAST are
adopted to represent the spatial units of farmer agents (grey boundaries
in Fig. 1). We called the spatial boundary of such land and river seg-
ments “the CAST boundary unit” thereafter. Although the choice of the
CAST boundary unit is a subjective decision of the study, the CAST
boundary unit captures the administrative and hydrological boundaries
as the segments are defined based on county and watershed boundaries
(Chesapeake Bay Program, 2020). Another reason for choosing the CAST
boundary unit is due to the limitation of finer spatial resolution data, as
the reported BMP data are often collected at the county and downscaled
to land and river segments. There are 580 land and river segments in the
study area and we only select 330 segments (labeled in Fig. 1; Supple-
mentary Information of an Excel worksheet) with an area larger than
5000 ha as our decision-making agents, who make annual BMP adoption
decisions, including the number of the installing unit. Eighteen sub-
basins (color patches in Fig. 1) are defined as agent groups, where
incentive program participants in the same group are expected to
collaborate under the group-based policy (e.g., PFPy). Although various
BMPs are available in real-world implementations (Chesapeake Bay
Program, 2018), we only consider conservation tillage with a five-year
contract length in this proof-of-concept study. The BMP capacity for
each agent is constrained by its cropland area calculated from USGS
National Land Cover Database (Dewitz and USGS, 2021). The corre-
sponding annualized implementing cost is set to be $56.16/ha (in 2012
dollars; Talberth et al., 2015). Streamflow and TSS loads of six USGS
gauges (Fig. 1) are adopted to calibrate the sediment simulation models
(Section 2.1). The historical daily temperature and precipitation data for
each subbasin are estimated from Daymet V4 (Thornton et al., 2022).
The Daymet dataset covers the period of 1980 to 2021 for the SRB.

2.2. Incentive policies

In this study, we compare individual-based and group-based PFP (i.
e., PFP; and PFP) with the conventional pay-for-practice policy denoted
as a business-as-usual (BAU) scenario. With BAU, government and au-
thorities will cost share 75% of the BMP implementation cost (Talberth
etal., 2015). Although the actual cost-share percentage varies in the real
world, we assume 75% cost-share amount can already complement the
adoption hesitation of the potential loss from a rational perspective.
Namely, the remaining hesitations are attributed to their perceived bias.
We will consider the social norm as an additional driving factor, where
adjacent neighbors’ BMP adoption rate will alleviate a farmer’s adop-
tion concern. In PFP;, farmers will receive less cost share (i.e., 50%)
while an additional bonus based on the actual TSS reduction is available.
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Fig. 2. Coupled ABM incentive policy evaluation simulation schema. Farmers make the BMP adoption decision based on the social norm and potential sediment
reduction estimated from the sediment simulation model. If the contract is approved by the funding agency, farmers will receive cost-share, and the effectiveness of
BMP in total suspended sediment removal will be added to the sediment module for next year’s simulation to complete the feedback loop.

Therefore, potential bonus gain plays a role in farmers’ decisions in
addition to the social norm. PFP; has a similar setup; however, the social
norm is defined as the BMP adoption rate of the agents within the same
agent group (i.e., a subbasin) since the bonus gain is shared among the
program participants in a group. We summarize the three incentive
policies in Table 1.

3. Methods

We propose a coupled ABM incentive policy evaluation tool shown in
Fig. 2. The two-way coupling technique is used to establish mutual in-
formation exchange between natural and human systems. The natural
system, simulated by a process-based sediment simulation model, serves
as an external environment for ABM. ABM describes agents’ annual BMP
adoption decisions, including the amount of implementing units. The
BMP contracts will be sent to the funding institution for approval and
receive a cost share. For simplicity, the subsidy is on first come, first
serve basis instead of a ranking system. Collectively, we can observe the
TSS reduction compared with a baseline model (i.e., the same model but
without any new BMPs installed within the simulation period) at the
basin outlet (i.e., USGS gauge ID 1576000) to determine the effective-
ness of different incentive policies. We will introduce each component
shown in Fig. 2 in the following sections.

3.1. Sediment simulation model

The sediment simulation model used in this study is built upon the
Hydrological model for Coupled Natural-Human Systems (HydroCNHS;
Lin et al., 2022a,b) by adding a sediment module.

3.1.1. Hydrological Model - HydroCNHS

HydroCNHS is an open-source Python package (Lin et al., 2022a,b)
supporting the integration of customized human models into a semi-
distributed hydrological model through four application programming
interfaces (APIs). For example, Dam API, RiverDiv API, Conveying API,
and InSitu API can integrate abstracted human decisions of man-made
infrastructures such as reservoirs, off-stream diversions, transbasin aq-
ueducts, and drainage systems programmed with the ABM concept. The
daily hydrological responses (e.g., streamflow) are computed by routing
the runoffs simulated in each subbasin to the routing outlet in
HydroCNHS. Each of the HydroCNHS APIs has a unique plug-in struc-
ture that respects within-subbasin and inter-subbasin (i.e., river) routing
logic under the Lohmann routing schema (Lohmann et al., 1998) to
maintain the water balance. Runoffs of each subbasin are calculated by
lump models like the General Water Loading Function (GWLF; Haith and
Shoemaker, 1987) or the ABCD model (Thomas, 1981). Additionally,
HydroCNHS supports model calibration using parallel computing
power. HydroCNHS has been applied to characterize modeling uncer-
tainty in coupled natural-human systems (Lin and Yang, 2022).

In this study, runoffs of 18 subbasins are first calculated by the
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GWLF. The nine parameters of GWLF in each subbasin control the pro-
cess of surface quick flow calculated by the SCS-curve-number method,
subsurface flow, and baseflow. After that, runoffs are routed to six
routing outlets (i.e., six USGS gauges in Fig. 1). In total, 232 parameters
need to be calibrated for the hydrological model built by HydroCNHS.

3.1.2. Sediment module

The sediment module describes the sediment generation, delivery,
and transportation processes on top of HydroCNHS. We adopt the
commonly used Universal Soil Loss Equation (USLE) to compute the
amount of sediment generated from the land of an agent (i.e., CAST
boundary unit). USLE empirically determines soil erosion by multiplying
factors accounting for rainfall erosivity (RE), soil erodibility (K), surface
condition (CP), and topographic characteristics (LS), as shown in Eq. (1).

Xkt = 0.132 x RE, X Kk X CP/( X LS}C X Ark (1)

where x;, [Mg/day] is the generated sediment from agent k at day t.
Factors K and LS are estimated based on the soil data and the digital
elevation model data (Moore and Burch, 1986), respectively. Factor CP
remains to be calibrated. Term Ary [ha] is the area associated with agent
k. Rainfall erosivity (i.e., RE) is calculated by the following equation.

RE, = 64.6 x 5, X R® @)

where S; is sq X A in cool season (Oct-Mar) and s, x A,, in warm season
(Apr-Sep). Factors A, and A,, are equal to 0.12 and 0.3 for this study area
(Selker et al., 1990), respectively. Parameters s, and s;, are required to be
calibrated.

After x is computed, we calculate sediment supply to the subbasin
outlets by adopting the delivery ratio approximation (Haith et al., 1992),
as shown below.

di

SXgm = DRy X Z Zxk‘, 3

kes t=1

where sx;,, [Mg/month] is the sediment supply to the outlet of subbasin
s in month m. Agents within a subbasin share the same delivery ratio
(DR). Term dp, is the number of days in month m.

After that, we route the sediment transportation with the following
equation based on the fractional runoffs and streamflow from the up-
stream outlets that contribute to the streamflow of the downstream
outlets (Eq. (4)).

12 .
sedym =Y > @ X K )]

ucUp,

where sedy, » [Mg/month] is the TSS load at routing outlet ro in month
m. The set of ro’s upstream outlets (i.e., streamflow contributors) is
denoted Uy,. Term gr'™ is an allocation ratio vector, which is dynamically
calculated based on the fractional runoffs/streamflow (fq [m3/s]) with
12 months of moving windows, as shown in Eq. (5).

qrm = [f‘lfﬂn’qum+1a "'1fq;‘{171+107fq;:‘fm+11] ()

where s, is a calibrated parameter. Note that this sediment routing
process requires the hydrological model to run 12 months ahead of the
sediment simulation module. In total, there are 90 parameters, 5 per
subbasin, which need calibration.

3.1.3. Model calibration

We sequentially calibrate the sediment simulation model from the
upstream routing outlets to the downstream with an alternating genetic
algorithm (GA) strategy. Such a way is more efficient in calibrating the
large number of parameters based on our modeling experience. In GA,
we use roulette wheel selection, uniform crossover (crossover proba-
bility = 0.5), elite strategy (one elite), and uniform mutation (mutation
probability = 0.15). The population size is 200, with a maximum gen-
eration equal to 100. The population is initialized by Latin hypercube
sampling. Also, we adopt three random seeds (i.e., 3, 5, and 11). Under
the GA framework, we optimize the sediment module’s parameters
every five generations while calibrating the HydroCNHS model’s pa-
rameters. Details are shown in Fig. 3.

The objective (Obj; Eq. (6)) for the GA is the mean Kling-Gupta ef-
ficiency (KGE; Eq. (7)) over the monthly streamflow (KGEg,,) and TSS
load (KGEg.q,,)-

Obj = (KGE,,, + KGEjs.q,,)/2 (6)

2 2
KGE—l\/(rl)ZJr("“”"l) +(@71> @
Oobs Hobs

where r is the Pearson correlation coefficient, and ;¢ and ¢ denote the
mean and standard deviation of flows, respectively. The subscripts obs
and sim refer to observed and simulated streamflow time series,
respectively. The streamflow and TSS load observations from the six
USGS gauges (Fig. 1) are used for calibration and validation. We apply
the 1985-2011 and 2000-2019 observed streamflow to calibration and
validation, respectively. However, due to the limited TSS load data (only
available from 2000 to 2019), there is no validation for the sediment
module. We optimize the sediment-related parameters with the L-BFGS-
B algorithm (Byrd et al., 1995; Zhu et al., 1997) given a fixed-parameter
HydroCNHS. In addition, we did not explicitly consider the historical
BMP adoption dynamics in the calibration process, which means our
calibrated model implicitly captures the average BMP effects from 2000
to 2019 through the observed TSS load. As the purpose of the study is to
demonstrate the policy evaluation tool and the sediment reduction is
calculated against the baseline model, the impact of such simplification
can be ignored. Calibration and validation data are summarized in
Table S1. Calibration parameters and their bounds are provided in
Table S2.
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Fig. 4. The estimated beta distributions of conservation tillage adoption will-
ingness for agents with an annual income less than $75 k and greater or equal to
$75 k.

3.2. Agent-based model

An agent-based model is built to capture heterogeneous and
nonlinear human behaviors under different incentive policies with
environmental feedback. We design two agent types, including farmer
agents (i.e., agents) with adaptive decision-making rules, and the
funding institution served as a passive respondent to farmers’ subsidy
requests. The ODD + D description (Miiller et al., 2013) for the ABM is
shown in Table S3.

3.2.1. Farmer agents

Farmer agents make annual BMP adoption decisions based on an
adaptive decision-making rule affected by the social norm and the po-
tential bonus gain (Table 1). An agent’s willingness to adopt BMPs is
described by a beta distribution with shape () and scale () parameters.
Parameters a and f are estimated from 2017 Stewardship Index Survey
at Chesapeake Bay (https://www.chesapeakebehaviorchange.org/su
rvey-data) using the moment method, as shown below.

a:(@71>xy ®

p= (M) - ©

where u and 62 are the mean and variance calculated from the survey
responses. We assume higher incomes are associated with larger crop-
lands. To that, we group 330 agents into two equal size clusters ac-
cording to their cropland areas. Then, we infer two sets of beta
distribution’s parameters to represent adoption willingness of annual
income less than $75 k (@ = 3.254, = 8.325) and greater or equal to
$75k (@ = 2.872, = 10.175), as shown in Fig. 4. This setup aligns with
the findings that farmers with larger farms are more likely to adopt BMP
(Liu et al., 2018; Prokopy et al., 2008). A detailed parameter estimation
process is provided in Text S1.

Given the willingness likelihood depicted by a beta distribution, the
actual action of BMP adoption is determined by an adaptive threshold
(C), as shown below.

{ rn > C,adopt 10)

m < C, don’tadopt

where rn is the random number sampled from the assigned beta distri-
bution. The adaptive threshold is updated every year before making the
adoption decision (Egs. (11) and (12)).

C,=Cyi—(a x S, +b x PB,) an
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C, = min{1, max{0, C‘}} 12)

where initial C value (Cjy) is set to 0.5. Subscript y is the year. The
adaptive threshold C is bounded to be in [0, 1] to fit the range of beta
distribution. Parameters a and b are the weights of two selected driving
factors. S is the social norm, BMP adoption rate of neighbors (Table 1).
Potential bonus gain (PB,, [$]) is only available under PFP; and PFPg, and
it is calculated by Eq. (13).

PB, = ECDF,(PR,) — thr 13)

where ECDF stands for empirical cumulative distribution function,
which is annually established by the potential sediment reductions of
agents that still have BMP capacity. The potential sediment reductions
(PR [Mg]) are calculated by the past five-year-averaged TSS loads using
the sediment module results (Section 3.1.2). For PFP;, PB is estimated by
the PR of the agent’s own land. Given the assumption that agents will
collaborate to maximize the bonus gain by implementing BMPs at the
agent’s cropland with the highest PB, PR is estimated by the highest PR
for all agents within an agent group under PFP,. The quantile threshold
(thr) is computed in Eq. (14).

thr = BC x GP/BP 14

where BC is the annualized unit BMP cost (i.e., the annualized unit cost
of conservation tillage). Cost-share percentage gap between PFP and
BAU (i.e., 0.25) is denoted as GP. The term BP [$] is the bonus payment
per one Mg TSS reduction.

Once an agent decides to adopt BMPs, the implementing area is
randomly sampled between 1000 ha and 3000 ha from a uniform dis-
tribution to form a 5-year BMP contract that will be sent to the funding
institution for approval (Section 3.2.2). Note that the area is capped by
the remaining cropland without BMPs (i.e., remaining capacity). The
land will be released back to capacity after the 5-year BMP contract
ends. We assume all croplands are eligible for implementing conserva-
tion tillage at the initial time step.

The generated sediment after implementing BMPs (xE* [Mg/day])

is computed by Eq. (15).

XY = %, x 0.75 X CRy, x EFF (15)

o EbmpeBMPSEF Frop ® Arpmp

EFF
thpEBMP.\'A Tbmp

16)

where CR is the BMP coverage rate of the cropland. The factor of 0.75
represents that, on average, 75% of the generated sediment is attributed
to croplands (Stenfert Kroese et al., 2020). The area-weighted BMP ef-
ficiency is calculated by Eq. (16), where EFFy,, and Ary,, [ha] are the
actual efficiency and the implementing area associated with an active
BMP contract, respectively. Given the uncertainty of BMP’s performance
(Liu et al., 2017), the actual efficiency of the conservation tillage varied
between 0 and 1 is sampled from a truncated normal distribution with
mean and standard deviation under normal distribution equal to 0.4
(Chesapeake Bay Program, 2018) and 0.1 (Liu et al., 2017), respectively.

3.2.2. Funding institution

The funding institution is a passive respondent to approve or deny
farmers’ BMP subsidy requests based on the funding availability and the
adopted incentive policy. The cost-share percentage is defined in
Table 1. With PFP; and PFPg, the bonus payment will be paid first each
year before approving new cost-share requests. In this study, the bonus
payment per one Mg TSS reduction (i.e., BP) is set to be $28.18.

3.3. Numerical experiments

The experiment design aims to compare the effectiveness of different
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Table 2
Monthly and annual calibration and validation results for streamflow and TSS at
six USGS gauges.

USGS gauge ID Monthly Annual
Streamflow TSS Streamflow TSS

1531000 (0.821, 0.725) (0.663, -) (0.880, 0.808) (0.656, -)
1515000 (0.861, 0.821) (0.631, -) (0.804, 0.911) (0.602, -)
1540500 (0.894, 0.864) (0.691, -) (0.939, 0.933) (0.639, -)
1553500 (0.885, 0.819) (0.907, -) (0.958, 0.850) (0.797, -)
1567000 (0.898, 0.863) (0.812, -) (0.904, 0.899) (0.752, -)
1576000 (0.901, 0.876) (0.918, -) (0.947, 0.927) (0.879, -)
Mean (0.877, 0.828) (0.770, -) (0.905, 0.888) (0.721, -)

Two values in parentheses are KGE for calibration and validation, respectively.
Calibration and validation of streamflow are computed with simulation periods
1985-2011 and 2012-2020, respectively.

Calibration of TSS is computed with simulation period 2000-2019.

incentive policies. To consider the climate uncertainty in our analysis,
we adopt a stochastic multi-site weather generator, MulGETS (Chen
et al., 2014), to synthesize 100 realization sets of 26-year daily weather
time series (i.e., temperature and precipitation) based on 2000 to 2019
historical weather data. This will help us explore the policies’ effec-
tiveness under different weather time series with similar statistics (e.g.,
mean and standard deviation). While the sediment simulation model
runs for 26 years, ABM only involves 20 years of simulation. The first
five years and the last year’s sediment simulation are required to provide
the necessary information for ABM. Namely, we will only use 20-year
simulation results in the comparison analysis. The simulation of each
realization set is repeated ten times to address the stochasticity of the
model. Also, we set the funding institution to have infinite funding as we
would like to see the policies’ effectiveness without financial
constraints.

More specifically, we will first compare TSS reduction, BMP adoption
rate, and cost-efficiency among BAU, PFP;, and PFP,; with parameters a
and b set to be 0.25 and 0.25, respectively. The parameters are chosen to
approximate a 12% TSS reduction in 12 years under BAU to mimic the
historical sediment control patterns starting from 2010. However, we do
not claim the validity of our model in capturing historical BMP adoption
patterns, as significant simplifications are made in this proof-of-concept
study. After that, we conduct a sensitivity analysis (SA) on parameters a
and b, the weights of the social norm and the potential bonus gain,
respectively, to provide a more comprehensive understanding. We
simulate all a and b combinations from 0 to 0.4 with an interval of 0.05.
Finally, we explore the impact of bonus payments under PFP; and PFPy,

+
25 4
(a) oL '-'\|.|'-".'... .
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where bonus adjustment ratios ranging from 0.7 to 1.3 with an interval
of 0.15 are used to adjust the original bonus payments (BP = $28.18).

4. Results
4.1. Calibration and validation

The calibration and validation results of the sediment simulation
model are presented in Table 2 for streamflow and TSS loads at six USGS
gauges. The streamflow KGEs perform well on both monthly and annual
scales, where the calibration and validation mean KGEs are 0.877 and
0.828 for monthly values and 0.905 and 0.888 for annual values. TSS
has slightly lower KGEs than the streamflow, where the monthly and
annual mean KGEs are equal to 0.770 and 0.721, respectively. However,
given the considerable uncertainty in TSS loads due to, e.g., the legacy
effect, we consider the calibrated model performance sufficient for our
study.

4.2. TSS reduction and cost-efficiency comparison among BAU, PFP;, and
PFP,

Fig. 5 shows the comparison of TSS reduction at the basin outlet
(Fig. 5a) and the BMP implementation area (Fig. 5b) under BAU (blue),
PFP; (orange), and PFPg (green). The band is plus and minus one stan-
dard deviation. The TSS reduction is referenced from the baseline model
without any BMP implementations. The results indicate two PFP policies
dominate BAU in TSS reduction. PFP; has the best TSS reduction per-
formance, and it takes a shorter time to achieve a higher TSS reduction
equilibrium. Such outcomes are also revealed in the greater BMP
adoptions in the long run, as shown in Fig. 5b. Farmers are more willing
to participate in the incentive program under PFPg, which can poten-
tially lead to higher bonus gains with collaboration; hence, a larger area
of BMP implementation compared to PFP;. Although a distinct differ-
ence between blue and orange lines is found in TSS reduction perfor-
mance (Fig. 5a), they obtain similar BMP contracts (Fig. 5b) patterns.
This is because farmers with higher soil erosion have greater motivation
to implement BMPs resulting in better basin-wide TSS reduction
compared to BAU. Namely, PFP; implicitly allocates the incentive pro-
gram funding to the hotspots through the bonus payment mechanism.
We further show the spatial distribution of BMP adoption units at the
agent level in Fig. S2.

The TSS reduction equilibriums shown in Fig. 5 imply the TSS
reduction upper bounds of the incentive policies. Such information may
help the government to analyze the achievability of the reduction target
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Fig. 5. (a) The comparison of TSS reduction at the basin outlet and (b) the BMP implementation area given a = b = 0.25 under BAU (blue), PFP; (orange), and PFP,
(green). The band is plus and minus one standard deviation. (For interpretation of the references to color in this figure legend, the reader is referred to the web

version of this article.)
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Fig. 6. (a) The comparison of the total policy cost in 2012 dollars and (b) the accumulated cost per 1% TSS reduction given a = b = 0.25 under BAU (blue), PFP;
(orange), and PFP; (green). The band is plus and minus one standard deviation. (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)
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Fig. 7. Sensitivity analysis result of the social norm (i.e., a) and the potential bonus payment (i.e., b) over three incentive policies at year 20. The darker color
indicates a higher TSS reduction. The size of the squares represents the uncertainty (i.e., Var) of the results.

with the consideration of human dynamics. For example, the blue line (i.
e., BAU) cannot achieve a 20% TSS reduction target (red dashed line)
within the 20-year simulation period, while both orange and green lines
can reach that target.

From the budget perspective, we seek cost-efficient options to better
allocate limited resources. We compare the total policy cost (Fig. 6a) and
the accumulated cost per 1% TSS reduction (Fig. 6b). It has the same
layout as Fig. 5. In Fig. 6a, PFP; (green) has the highest policy cost
because of more outstanding BMP adoptions (Fig. 5b), followed by PFP;
(orange) and BAU (blue). Although BAU costs the least, it turns out that
BAU is not the most cost-inefficient policy, as shown in Fig. 6b. The blue
line cost more per 1% TSS reduction compared to the PFP; and PFPg.
Between PFP; and PFPg, there is a crossover. After the first couple of
years, PFP; becomes more expensive than PFP; in terms of cost-per-unit
TSS reduction. Such a crossover phenomenon is because of the decrease
in marginal effect. With more BMPs implemented under PFPg, the newer
BMPs will have to be implemented in the less soil erosion cropland (i.e.,
less effective) as the erosion hotspots have been filled already.

4.3. SA of social norm and potential bonus payment

As the quantitative social study is not currently available to deter-
mine the weights of social norm and potential bonus payment (i.e., a and
b), we show their SA results of the TSS reduction in Fig. 7 to provide a
more comprehensive understanding of the effectiveness of BAU (blue),
PFP; (orange) and PFPy (green) under different human behavior setups.
While the potential bonus payment directly incentivizes farmers’ be-
haviors, social norm plays an important role in determining the diffusion
rate of innovations (i.e., BMP adoption). The darker color means greater
TSS reduction performance, where the actual reduction percentages are
also labeled on the plots. The size of the squares represents the uncer-
tainty across three policies. Results show that PFP outperforms BAU in
all cases, and PFPg generally performs better than PFP;. We can observe
that PFPg has the highest TSS reduction even without the effects of the
social norm and the potential bonus payment (i.e., a=0 and b = 0).
This is because of the collaboration inherent in PFPg.

From the uncertainty perspective, the results with the extreme a and
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(blue) and PFPg (orange). Boxplots show the results of year 20 that are simu-
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figure legend, the reader is referred to the web version of this article.)

b parameter settings (lower left and upper right) tend to be more certain.
This is not surprising as we could easily imagine the reduction results if
all people refuse or are highly willing to adopt BMPs. However, reality
often falls within the parameter range associated with high uncertainty.
For example, the chosen parameter setting (a= b = 0.25) claimed to
approximate 12% TSS reduction at year 12 tends to have relatively high
uncertainty. Nonetheless, if we compare the uncertainty across policies,
PFPg has the lowest uncertainty, followed by PFP; and then BAU. Such
results are also indicated in the band in Fig. 5a.

4.4. Impact of bonus payments on PFP

From Section 4.2, we show that PFP is generally better in TSS
reduction and more cost-efficient given the selected bonus payment per
unit TSS reduction (i.e., BP). However, different BP may lead to a
different conclusion. We show the TSS reduction responses with
different bonus adjustment ratios for PFP; (blue) and PFPy (orange) in
Fig. 8. Results support that higher BP can lead to better TSS reduction
outcomes. While PFP;’s performance dramatically decreases with a
lower BP, PFPg reveal a relatively stable performance across different
BP. When the bonus payment is equal to 0.7BP, the PFP;’s TSS reduction
performance can drop below 15%, which is lower than BAU (15.5%).
This implies that if the bonus payment cannot complement the cost-
share percentage gap (i.e., GP), the PFP;’s performance might be
worse than the conventional BAU. In the case of PFPg, the change of BP
has less impact to the basin-wide TSS reduction outcomes since the
BMPs are consistently implemented from the land with the highest soil
erosion.

5. Discussion
5.1. Is it too late to switch incentive policies?

According to the results, we identify the upper bound of BAU which
is lower than the 20% TSS reduction target. At the same time, PFP; and
PFP; indicate the potential to achieve the target within the 20-year
simulation period. Such results imply the necessity to switch to PFP if
we intend to reach the 20% TSS reduction target. Therefore, the question
becomes whether it is too late to make such changes. Fig. 9 shows we
might still miss the target in year 15 but achieve the 20% TSS reduction
within the last five years of the 20-year simulation, given the incentive
policy is switched from BAU to PFP in year 12. Such findings could be
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Fig. 9. The comparison of TSS reduction at the basin outlet given a = b = 0.25
under BAU (blue), switching to PFP; (orange; BAU_PFP;) in year 12, and
switching to PFP, (green; BAU_PFP,) in year 12. The band is plus and minus one
standard deviation. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

analogous to Chesapeake Bay’s current situation if we viewed year 1 of
our simulation as 2010 when the TMDL target was developed. In year 12
(2021), we achieve a 12% TSS reduction under the pay-for-practice
policy (i.e., BAU). The blue line indicates the BAU will likely miss the
target in 2025 (year 15), which aligns with the recent-published EPA
report (EPA, 2022). In the report, EPA points out that additional efforts
and resources must be carried out to meet the target. Some jurisdictions
(e.g., Maryland) require its fund flowing to the SRB commission must be
used on a PFP basis (Blankenship, 2022). Although such a measure
might not lead to the target achievement in the near term (year 15), it
will be beneficial from a long-term perspective, as supported by our
results (Fig. 9).

5.2. Limitations

Although our numerical experiment advocates PFP as a more effec-
tive and cost-efficient incentive policy, this study does not address the
gap between the modeling result and the actual PFP implementation.
For example, how is the bonus payment determined, how is the actual
BMP TSS removal quantified, and what spatial scale should be used for
PFPg (Fleming et al., 2022)? In addition, PFP has an inevitable drawback
of equity problem (Ribaudo et al., 2011) as the resources implicitly flow
to the targeted regions (e.g., sediment generation hotspots). Such an
equity issue requires future study to address.

Moreover, we did not consider indirect influences on farmers’ BMP
adoption decisions from other programs like crop insurance subsidies
and other financial supports, which may be worth exploring. Also, we
only consider the relatively inexpensive BMP option, conservation
tillage, and ignore administrative costs in this study, which might
significantly underestimate the total funds needed for conducting those
proposed incentive policies. However, information like the total policy
cost in Fig. 5 may provide a minimum fund requirement. Also, BMP
options like grass/forest buffer strips lasting for multiple years may
receive different farmers’ perceptions compared to the annual BMPs,
such as the conservation tillage. For example, we will need to consider
the sustained adoption of practice over time to maintain the conserva-
tion gain for the long-lasting BMP options. Multiple beta distributions
can be created for each type of BMP to address the perception difference
with the assistance of social studies.

Social studies (e.g., surveys and behavioral experiments) may also
help parameterize and calibrate/validate the ABM model (e.g., a and b;
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Schrieks et al., 2021). For example, we did not explicitly consider the
dynamic of farmers’ past experience in the BMP adoption decision due
to the lack of empirical social data. To that, the results of social studies
can be used to identify other socio-psychological determinants (e.g.,
farmer identity, different farmer attitudes, past behavior, awareness,
information sources, institutional support, barriers to adoption) and
theories (e.g., theory of planned behavior, diffusion of innovation, and
value-belief-norm) to strengthen the model’s representative.

Lastly, without the support of social network and administrative
network data, the connections among agents are defined based on the
chosen spatial scale of the CAST boundary unit. However, studies have
pointed out the spatial scale is a critical factor in water governance
(Bitterman et al., 2023; Bitterman and Koliba, 2020). A comprehensive
design of a sensitivity analysis on agents’ spatial scale could greatly
improve our understanding of coupled ABM’s modeling property. A
future study is encouraged.

6. Conclusions

Incentive programs are often adopted to motivate voluntary
compliance in implementing BMPs to address surplus nonpoint nutrient
and sediment inputs. Although PFP is indicated to be a more cost-
efficient alternative than the conventional BAU (i.e., pay-for-practice)
through field experiments, such results are usually limited in scale.
This study proposes a coupled ABM incentive policy evaluation tool to
systematically compare the effectiveness of different incentive policies,
including BAU (75% cost share), the individual-based PFP (i.e., PFP;;
50% cost share plus bonus), and the group-based PFP (i.e., PFPg; 50%
cost share plus bonus) at a basin scale. The coupled ABM is established
by the two-way coupling of a sediment simulation model and an ABM
that describes heterogeneous farmers’ BMP adoption behaviors and a
passive respondent of the funding institution. The Susquehanna River
Basin, Chesapeake’s largest tributary watershed, is selected as the study
area to demonstrate the proposed policy evaluation tool.

Modeling results advocate that PFP can achieve higher TSS reduction
equilibrium in a shorter time and is more cost-efficient than the BAU. To
that end, PFPg performs better than PFP; because of the collaboration
among agents in selecting the best BMP-implementing locations. Such
collaborative behaviors in maximizing bonus gains also lead to a more
stable TSS reduction performance against the change in bonus payment,
where PFP; shows a clear decreasing performance trend as the bonus
payment reduces. The SA results on the weights of the social norm (i.e.,
a) and the potential bonus payment (i.e., b) provide more comprehen-
sive information about the effectiveness of three incentive policies and
indicate a more realistic ABM parameterization is generally associated
with larger uncertainty. We analogize our findings to the current water
quality management situation in the Chesapeake Bay and suggest that
switching from BAU to PFP could be a more promising way to achieve
the TMDL target (i.e., 20% TSS reduction) in the long term. Finally, we
encourage future studies to elaborate the proposed tool by incorporating
social studies (e.g., surveys and behavioral experiments) to improve
farmers’ decision-making process representation in the model. This in-
cludes additional socio-psychological determinants identification,
model structural design, the influence of communication at different
scales, and the impact of bureaucracy on incentive program
participation.

CRediT authorship contribution statement

Chung-Yi Lin: Conceptualization, Methodology, Software, Formal
analysis, Writing — original draft. Y.C. Ethan Yang: Conceptualization,
Writing — review & editing, Supervision, Funding acquisition, Investi-
gation, Project administration. Anil Kumar Chaudhary: Conceptuali-
zation, Writing — review & editing.

10

Journal of Hydrology 624 (2023) 129959

Table A.1
Lookup table for acronyms.
Acronym/notation Description
ABM Agent-based modeling
API Application programming interface
BAU Business-as-usual
BMPs Best management practices
CAST Chesapeake Assessment Scenario Tool
ECDF An empirical cumulative distribution function
EPA Environmental protection agency
GA Genetic algorithm
HydroCNHS Hydrological model for Coupled Natural-Human Systems
KGE Kling-Gupta efficiency
PFP Pay-by-performance
PFP; Individual-based PFP
PFPy Group-based PFP
SA Sensitivity analysis
SRB Susquehanna River Basin
TMDL Total maximum daily load
TSS Total suspended sediment
USGS US Geological Survey
USLE Universal Soil Loss Equation
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