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Abstract: Conservation-oriented land practices have long been a strategy for mediating the 
environmental issues resulting from conventional agriculture. However, there is limited eco-
nomic support and incentive for landowners to transition the sensitive marginal lands that 
need mitigation the most. To improve this approach, information tools built out of landowner 
preferences may help facilitate successful long-term adoption of diverse systems that achieve 
production and conservation goals, such as Multifunctional Perennial Cropping Systems 
(MPCs). Previous work has recognized MPCs to have the potential for providing both eco-
system services and perennial crops such as fruits, nuts, and grasses on land that landowners 
would otherwise consider marginal. To prioritize efforts for implementation of MPCs and 
provide tailored information to landowners, this study introduces a suitability model that 
identifies marginal land based on soil erosion, crop productivity, and other land traits that are 
important to landowners. Information provided by this tool can inform land management 
decisions. The land traits were spatially analyzed using a geographic information system (GIS) 
and parameterized to encode the magnitude of each variable’s effect on MPCs suitability. 
Applied in the Upper Sangamon River watershed, central Illinois, we identified 18,685 ha 
of highly suitable cropland for MPCs. An 8.5 m spatial resolution allowed identification of 
subfield suitability areas, in addition to locating target regions of extensive occurrences of 
high suitability. The distribution of target areas was often located where crop productivity 
was low and topographic potential for erosion was high. For 26,743 ha of cropland, potential 
erosion was estimated to be greater than the soil loss standard, particularly in the northeastern 
section of the watershed where there was higher relief and peri-urban or riparian areas sur-
rounding cropland. In a scenario in which landowners would implement MPCs on identified 
target regions, simulated soil erosion was reduced by 56% across the watershed. The model 
provides a simple and effective management tool for identifying priority areas for MPCs 
implementation, giving landowners and researchers actionable information to improve upon 
conservation strategies for marginal cropland.
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Multifunctional Perennial Cropping 
Systems (MPCs) are land use strategies 
designed to simultaneously achieve 
regulating services of conservation hab-
itats and production goals of agricultural 
crops. A wide range of options are avail-
able for these systems, depending on the 
scale of the operation and type of produc-
tion that might best suit the resources of the 
landowner. Examples include agroforestry 

systems with trees producing timber or food 
products, or perennial bioenergy systems that 
supply biomass for fuel generation (Strong 
and Jacobson 2005; Glover et al. 2010; Idassi 
2012). Advancements in perennial crop vari-
eties and their products have led to new 
markets and industries that can be compet-
itive with row crop systems at commodity 
production (Jordan and Warner 2010; Crews 
et al. 2016). In addition to harvestable prod-

ucts, the roots of MPCs offer the potential to 
improve land functionality by increasing car-
bon (C) sequestration, organic matter, and soil 
stabilization (Niu and Duiker 2006; Gelfand 
et al. 2013). Where nutrient loss is a concern, 
MPCs such as bioenergy crops or alley crop-
ping have demonstrated through field trials to 
have improved nutrient uptake and reduced 
nutrient losses compared to annual crops 
(Masters et al. 2016; Wolz et al. 2018).

Although evidence supports the eco-
nomic and environmental benefits of MPCs, 
the implementation of perennial plantings 
into agricultural landscapes has been met by 
challenges to landowner adoption. Lack of 
information, sociodemographic trends, and 
short-term economic motivations have been 
frequently cited as barriers (Atwell et al. 2009; 
Varble et al. 2016). Adoption studies have, 
however, identified a diversity of landowner 
types across a spectrum of adoption poten-
tial (Prokopy et al. 2008; Mattia et al. 2016). 
For example, Mattia et al. (2016) found that 
younger landowners and those motivated by 
soil and water conservation would be more 
likely to adopt MPCs. Strategic education 
efforts aimed to disseminate the benefits of 
MPCs could provide interested landowners 
with the resources and motivation needed 
for successful implementation.

In addition to considering landowner 
types, the potential for MPCs implementa-
tion success will vary across the landscape. 
With high demands on agricultural produc-
tivity, introduction efforts that target marginal 
land could be particularly effective because of 
strong economic and environmental mitiga-
tion incentives that can be readily identified. 
Land with soil biophysical characteristics 
that make it low yielding and high risk for 
row crop production is considered marginal 
(Rhoads et al. 2016) (table 1). For example, 
soil erosion and nutrient leaching are often 
associated with reduced yield, and marginal 
conditions resulting from hydrology and 
landscape traits such as slope, water table 
depth, and flood zones, dictate where there is 
a higher risk to plant row crops that may fail 
(Lal 2001; Trozzo et al. 2014). Field size and 
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shape could also be a factor that contributes 
to marginal land, at least from the perspective 
of the farm operator. As farm size and equip-
ment have increased in size, small or irregular 
shaped fields require more effort to maintain 
in row crop systems (Richards et al. 2014; 
Mattia et al. 2016). A transition to MPCs on 
marginal land defined by these conditions 
could provide a disproportionately large level 
of benefits by mediating the economic losses 
of row crops and mitigating environmental 
issues (Lal 2001; Tyndall et al. 2013).

The development of land classification 
frameworks has allowed for more com-
prehensive identification of the land traits 
associated not only with marginality, but 
with successful land cover change (Collins et 
al. 2001; Pandey et al. 2007; Kang et al. 2013). 
Early studies used erosion and productivity 
indexes derived from mathematical models, 
and with improved spatial technology, envi-
ronmental indexes have been integrated in 
geographic information systems (GIS) to 
better model the physical, hydrological, and 
biological processes of land use land cover 
(LULC) change (Larson et al. 1988; Parsons 
et al. 2004). Recent land management work 
has sought to address the adoption barriers 
often found with new practices, by defin-
ing marginal land based on the physical and 
economic terms important to stakeholders 
(Strong and Jacobson 2005; Reimer et al. 
2012; Mattia et al. 2016). For example, Iowa 
scientists included stakeholders, such as agri-
culture and policy leaders, in their research 
efforts to build multifunctional agricultural 
landscapes (Atwell et al. 2010).

The inclusion of socioeconomic factors in 
land suitability models has also been used to 
inform policy and land planning, such as the 
identification of marginal lands for bioenergy 
crops in an effort to avoid competition with 
food production (Wiegmann et al. 2008; 
Cai et al. 2011; Shortall 2013). Researchers 
have also frequently paired economic and 
environmental models to determine the 
cost effectiveness of riparian buffers to treat 
nonpoint source pollution (Tyndall et al. 
2013; Shortall 2013). Overall, spatial models 
can provide a robust method for marginal 
land identification (Kalogirou 2002; Niu 
and Duiker 2006), but studies tasked with 
instigating land use changes require stake-
holder-informed definitions of marginality.

Another strategy to encourage landowner 
adoption is the integration of advanced, but 
accessible, subfield farm data that facilitate 

planning and targeted land management. 
Precision agriculture enterprises have capi-
talized on field-scale technologies to present 
an economic argument for subfield decision 
making (Bonner et al. 2014). For example, 
Muth and Bryden (2013) combined subfield 
soil conditions with yield monitoring data 
in their LEAF model. Analysis of subfield 
zones with low yield can reveal a net loss 
of income, thus motivating landowners to 
adjust their management practices (Tyndall 
et al. 2013; Bonner et al. 2014; Brandes et 
al. 2016). Because most farmers endorse 
targeted approaches, and subfield marginal 
zones are easily identifiable, further devel-
opment of management and information 
tools can facilitate cropland diversification 
(Arbuckle 2013).

Building on previous research, in this 
study we present a model of MPCs suitability 
to identify spatial patterns of marginal land 
ideal for converting to productive conserva-
tion systems that also provide environmental 
mitigation for land and water quality at the 
subfield and watershed scale (Reisner et al. 
2007; El Baroudy 2016). To develop a com-
prehensive land transition program that 
improves adoption of MPCs, landowner 
adoption preferences have been included in 
the criteria that set the bounds for marginality. 
The analysis was done at the watershed scale 
in order to identify hotspots of marginal land 
where development of resource networks or 
cooperatives could facilitate connectivity of 
MPCs. In addition, the fine spatial resolution 
of the erosion model allows for identification 
of subfield target areas for individual land-
owners. Overall, targeted MPCs in marginal 
areas could be more effective than conser-
vation practices such as cover crops, no-till, 
mulch-till, and crop rotations that have been 
found to reduce sediment and nutrient loss, 
but are not optimally implemented on the 
areas producing the greatest sediment and 
nutrient loads (Her et al. 2016).

Materials and Methods
Study Region. The Upper Sangamon 
River watershed (USRW) has been a focus 
area for land management goals, with dedi-
cated research and initiatives by the Illinois 
State Water Survey, Agricultural Watershed 
Institute, Critical Zone Observatory, and the 
City of Decatur. The USRW covers 3,690 km2 
and comprises one fourth of the Sangamon 
River basin, the largest tributary to the Illinois 
River basin (Singh et al. 2007; Yaeger et al. 

2013; Rhoads et al. 2016). The boundary of 
the USRW is delineated by US Geological 
Survey (USGS) nationwide hydrologic unit 
code 8 (HUC8), and it lies across eight coun-
ties in central Illinois: Champaign, Christian, 
DeWitt, Ford, Macon, McLean, Piatt, and 
Sangamon (ISWS 2015) (figure 1).

The USRW is located in central Illinois, 
a humid continental climate region aver-
aging about 1,000 mm of rainfall annually. 
The geologic history of the USRW man-
ifests in its relatively flat topography as a 
result of repeated glaciation and mollisol 
soils rich in organic matter due to prairie 
presettlement land cover (Singh et al. 2007; 
Yaeger et al. 2013). The major soil types in 
the watershed include Drummer silty clay 
loam, Flanagan silt loam, and Sable silty clay 
loam (USDA NRCS 2016). The predomi-
nant land use is row crop production (79%), 
which covers 2,661 km2 and involves con-
tinual disturbance from tilling (figure 2). For 
crops to be successfully grown, tile drainage 
is needed due to the flat topography and a 
hardpan subsoil layer (Li et al. 2010; Yaeger et 
al. 2013). Approximately 62% of agricultural 
land uses some type of conservation tillage, 
such as reduced-till, mulch-till, or no-till, 
which reduces soil erosion when crops are 
not in the ground (IL DOA 2015).

The USRW was identified as a prior-
ity watershed in the 2015 Illinois Nutrient 
Loss Reduction Strategy Plan for point 
and nonpoint sources and is on the US 
Environmental Protection Agency (USEPA) 
303d list of impaired waters (Illinois EPA 
2012). The watershed has approved pollut-
ant reduction goals to facilitate compliance 
with the USEPA’s Total Maximum Daily 
Load (Anbe 2004). Lake Decatur is a res-
ervoir that receives water from the USRW 
and is an important water-supply lake in the 
watershed (Anbe 2004; Singh et al. 2007; 
Yaeger et al. 2013). Lake Decatur has con-
sistently exceeded the Illinois EPA drinking 
water standard of 10 mg L–1 of nitrate 
(NO3)-nitrogen (N) (Keefer and Bauer 
2011). Soil erosion control in the watershed 
is recognized as a solution for decreasing sed-
imentation and improving water quality in 
Lake Decatur (Keefer et al. 2010). Improving 
water quality in the USRW is a motivating 
factor for local and state government entities 
to explore highly implementable alternative 
agricultural systems such as MPCs for appro-
priate mitigation (Mattia et al. 2016).
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Table 1
Defined characteristics of the marginal land traits used to classify land suitability for conversion to Multifunctional Perennial Cropping Systems. 
Table adapted from Kang et al. (2013).

Soil properties Marginal condition Marginal condition source Data source

Soil pH <6.2, >6.5 FAO (1993); USDA NRCS (2017) gSSURGO (Soil Survey Staff 2016)
Cation exchange capacity (meq 100 g–1) <14 ILGA (2008); based on distribution of gSSURGO (Soil Survey Staff 2016)
     values in watershed
Sand content (%) >90 , >55 USDA NRCS (2017); based on distribution gSSURGO (Soil Survey Staff 2016)
     of values in watershed
Flood frequency—dominant condition Occasional, frequent USDA NRCS (2017) gSSURGO (Soil Survey Staff 2016)
Pond frequency—presence (%) >15 Based on distribution of values in gSSURGO (Soil Survey Staff 2016)
     watershed
Water table depth (cm) <50 FAO (1993), table 8 gSSURGO (Soil Survey Staff 2016)
Crop productivity index <116 Olson (2000) Bulletin 810 
Riparian 50 m buffer — National Hydrography Dataset  
      (Simley and Doumbouya 2012)
Roadsides 50 m buffer — USDA Geospatial Clearinghouse  
      (2015) 
Natural areas 50 m buffer — Cropland Data Layer (USDA  
      NASS 2015)

Figure 1
The Upper Sangamon River watershed spans eight counties in central Illinois.
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Data Preparation and Model Setup. This 
study defined “high suitability” as marginal 
cropland areas that align most with land-
owner adoption preferences and thus have 
the highest potential for being successfully 
converted to MPCs. Thus, marginal land is 
defined by traits such as high erosion risk 
and low row crop productivity (figure 3). 
Modeled and spatial data for these conditions 
were weighted and ranked in accordance 
with each variable’s importance to MPCs 
suitability and processed using ArcGIS (ESRI 
2016). The combined effects of spatial varia-
tion in the land traits produced a suitability 
map, for which high suitability was defined 
as two standard deviations above the water-
shed average. To explore the effects of LULC 
change on land and water quality, annual soil 
erosion was estimated for current land man-
agement practices and for a scenario where 
target regions are converted to MPCs (figure 
4). Detailed methods are described in the fol-
lowing subsections.

Soil Erosion Model. To better under-
stand the natural and anthropogenic 
degradative processes that govern soil loss 
rates, models have been developed to study 
soil displacement from its sources, par-
ticularly for sediment loss on intensively 
managed lands (Lal 2001; Rhoads et al. 2016; 
Abban et al. 2016). The erosion model is the 
principal attribute of the suitability classifi-
cation system to assess for spatial patterns of 
high erosion risk and to estimate the average 
annual soil loss in the USRW under current 
and projected land cover scenarios (Uddin 

et al. 2016). The Revised Universal Soil Loss 
Equation (RUSLE) framework was used to 
model soil erosion because it has modest data 
demands, and it has been successfully used 
in GIS applications due to improved and 
revised erosion factors (Desmet and Govers 
1996; Pandey et al. 2007; Uddin et al. 2016). 
The empirical RUSLE framework considers 
land cover, climate, and conservation tech-
niques to compute sheet and rill erosion 

using six soil erodibility factors (Wischmeier 
and Smith 1978) (table 2).

The R factor reflects the erosivity of 
rainfall events over a location, and derived 
equations correlate the R factor with mean 
annual precipitation (Renard et al. 1991). 
The gSSURGO soil database provided the 
K factor, or soil erodibility (USDA NRCS 
2016), and it was converted to the interna-
tional system of units as described by Foster 
et al. (1981). To determine the Cover and 

C
opyright ©

 2018 Soil and W
ater C

onservation Society. A
ll rights reserved.

 
w

w
w

.sw
cs.org

 73(6):669-681 
Journal of Soil and W

ater C
onservation

http://www.swcs.org


672 JOURNAL OF SOIL AND WATER CONSERVATIONNOV/DEC 2018—VOL. 73, NO. 6

Figure 2
Land use and land cover in the study region, illustrating the extent of agriculture within the 
watershed boundary (USDA NASS 2015). Other land uses such as urban, forest, open water, and 
wetlands cover 10.3%, 4.9%, 0.7%, and 0.3% of watershed area, respectively. 
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Management (C) factor, we used land man-
agement data at the county scale from the 
Illinois Soil Conservation Transect Survey 
(IL DOA 2015) to calculate C factor val-
ues using the RUSLE1 software (USDA 
NRCS 2012). Weighted average C factor 
values for each cropping system and county 
were determined by frequency of practices 
reported in the transect survey and mapped 
to the 2015 Cropland Data Layer (table 3).

The P factor reflects the reduction in soil 
erosion due to conservation support practices 
that actively redirect and reduce the rate of 
water runoff. In the region of interest, there 
is low relief topography (average slope 0% to 
4%), and the most common erosion reducing 
practice implemented at a large scale is sub-

surface tile drainage (Skaggs et al. 1994). The 
extent of tile drainage is difficult to measure 
directly but the probability that an area has 
tile drainage increases for soils with less than 
3% slope, poor drainage, and more than 40% 
clay content (Fraterrigo and Downing 2008; 
Nakagaki et al. 2016). We used these criteria 
to identify land with a high probability of 
subsurface drainage to use in defining the P 
factor (Bengtson and Sabbagh 1990).

To improve the accuracy of soil ero-
sion rates, different equations for the Slope 
Length and Steepness (LS) factor are rec-
ommended depending on whether slope 
is greater or less than 9%. The Unit Stream 
Power Erosion and Deposition method is 
adequate for regions with low relief (Renard 

et al. 1991; Hoffmann et al. 2013). In this 
method, the area of upland contributing flow 
replaces linear distance for slope length cal-
culations to incorporate the impact of flow 
convergence (Gertner et al. 2002). Area and 
LS factor calculations were achieved by using 
a digital elevation model (DEM) and equa-
tions outlined in Hoffmann et al. (2013).

All spatial data were projected in the 
Albers Equal Area coordinate system to pre-
serve areal measurements. Due to the varied 
spatial resolution of the data layers, each 
soil erodibility factor was processed with a 
1 km buffer around the HUC8 watershed 
boundary to avoid miscalculations along the 
edge of the watershed (Van Remortel 2001). 
Additionally, lower resolution data layers 
were resampled to the 8.5 m resolution of 
the DEM to retain high resolution for sub-
field identification of target zones. Because 
the soil erosion and suitability model results 
are derived from multiple data sets that esti-
mate their variables at varying scales, error 
propagation is a noted concern. To address 
this, we performed a sensitivity analysis of 
the model output to its inputs to evaluate 
which of the soil erodibility factors had the 
greatest influence on the results.

Suitability Models. The suitability model 
identified target regions with high prob-
ability of MPCs implementation success. 
Classifications for marginal land characteris-
tics were based on definitions and standards 
of marginal cropland. Each variable was 
assigned a weight of importance, and each 
variable’s range of values was ranked to 
encode the magnitude of its effect on suit-
ability (table 4). Weights and ranks were 
based on previous marginal land classifica-
tions and expert input rather than statistical 
inference (FAO 1993; Kang et al. 2013). The 
sum of the product of each ranked variable 
and its weight of importance, divided by the 
sum of the weights determined suitability 
(equation 1):

S =
∑ Wi Rij     

n
i

∑i Wi      
n

 ,
 (1)

where S is the suitability of a grid cell in the 
model output, Wi is the weight of the ith 
predictor variable, and Rij is the rank for the 
jth value of the ith variable, and the rank of j 
depending on the variable’s value at a given 
grid cell (Meentemeyer et al. 2004). 
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Figure 3
Illustration of land traits included in the suitability analysis to identify target regions of high 
suitability that represent areas of low yield and high risk for annual crops.

Upper Sangamon River watershed

Soil erosion
Slope length and steepness
Soil erodibility
Rainfall erosivity
Cover management 
Conservation practices

Field edges
Riparian area buffers
Natural area buffers
Road buffers Highest suitability areas

Marginal land
Crop productivity, sand

Cation exchange capacity, pH
Flooding and ponding frequency

Figure 4
Illustrated procedures to estimate spatially distributed soil erosion under current practices and under a scenario where Multifunctional Perennial 
Cropping Systems (MPCs) have been implemented on target regions of high suitability, or “marginality” for annual row crops. CPI is crop productivity 
index; CEC is cation exchange capacity.

The Revised Universal Soil Loss Equation (RUSLE)
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The suitability model utilized ArcGIS 
software with spatial data layers pertaining 
to both physical and economic character-
istics of marginal land (table 1). The 2015 
Cropland Data Layer sourced the majority 
of LULC data (figure 2), and the hydrologic 
characteristics of the watershed were avail-
able from both the Cropland Data Layer and 
the National Hydrography Dataset (USDA 
NASS 2015; USGS 2015). Due to crop 
yields being a major driver for landowner 
decision making, several soil biophysi-
cal traits that relate to productivity were 
included from the USDA Natural Resources 
Conservation Service (NRCS) soils database, 
in addition to the Crop Productivity Index 
report for Illinois soils (USDA NRCS 2016; 
Olson et al. 2000). Cropland within 50 m 
of waterways, natural areas, and roads were 
characterized as field edges and included in 
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Table 2
Definitions of the Revised Universal Soil Loss Equation (RUSLE) framework soil erodibility factors and their data sources.

    Spatial data
Factor Equation Units Reference source Resolution Accessed

Annual soil loss (A) A = R × K × LS × C × P t ha–1 y–1 Wischmeier and  8.5 × 8.5 m
      Smith (1978)

Rainfall erosivity (R) R = 587.8 – 1.219 × P + MJ mm ha–1 Renard and Daymet annual 1 × 1 km; Nov. 15, 2016
    0.004105 × P2    h–1 y–1    Freimund (1991)    precipitation    2001 to 2015

Soil erodibility (K) K = [2.1 × 10–4(12 – OM) t ha h ha–1 Wischmeier and gSSURGO soils 10 × 10 m; Nov. 16, 2016
    M1.14 + 3.25(s – 2) +    MJ–1 mm–1    Smith (1978)    database,    2016
    2.5(p – 3)] /100

Slope length and  L = (λ/22.13)m; Ratio to unit Hoffmann et al. Hu et al. (2016) 8.5 × 8.5 m, Sept. 20, 2016
   steepness (LS)    S = (sinθ/0.09)n    plot*    (2013)     2016

Crop management (C)† Ratio Ratio to unit Wischmeier and Cropland Data 30 × 30 m, Dec. 7, 2016
     plot*    Smith (1978)    Layer    2015

Conservation practice (P)‡ Ratio Ratio Wischmeier and Cropland Data 30 × 30 m, Dec. 7, 2016
      Smith (1978)    Layer    2015
*Standard unit plot, defined as a 22.1 m slope length of uniform 9% slope steepness.
†Illinois Department of Agriculture (2015); RUSLE1 (www.ars.usda.gov).
‡gSSURGO soil characteristics.

Table 3
The C factor values were calculated using Revised Universal Soil Loss Equation (RUSLE1) soft-
ware for each crop with different tillage and crop rotation in the Upper Sangamon River water-
shed. The C factor values were then weighted according to the frequency of each tillage practice 
and rotation for each county of the watershed using data from the Illinois Soil Conservation 
Transect Survey (USDA NASS 2015).

  System*†

Management/ Corn- Soybean– Corn–  Small
location corn soybean soybean Hay‡ grain§

Management Tillage (%)
 Conventional 24 16 27 — 8
 Reduced 42 59 26 100 23
 Mulch 31 14 33 — 23
 No-till 3 12 14 — 46
County Weighted C factor
 Champaign 0.102 0.218 0.144 0.078 0.056
 Christian 0.110 0.165 0.147 0.078 0.169
 De Witt 0.068 0.158 0.111 0.078 —
 Ford 0.092 0.196 0.140 0.078 0.113
 Macon 0.081 — 0.139 0.078 0.119
 McLean 0.092 0.155 0.128 0.078 0.085
 Piatt — 0.175 0.145 0.078 —
 Sangamon 0.096 0.152 0.121 0.078 —
*Grassland C factor value = 0.003, calculated in RUSLE1 as tall grass prairie.
†Multifunctional Perennial Cropping Systems (MPCs) C factor value = 0.03, from Panagos et al. 
(2015) for transitional woodland-shrub and agroforestry.
‡Calculated in RUSLE1 using spring wheat following soybean.
§Alfalfa, average seven years including establishment.

the suitability model because landowners in 
the USRW consider cropland along these 
areas as marginal or difficult to manage due 
to field size. Fields 1 to 2 ha in size are less 
conducive to row crop production for large-
scale farmers because they require more time 
and resources per hectare than large rectilin-
ear fields. The soil erosion model was rerun 
to determine potential reduction in soil 
erosion that could be realized by convert-
ing marginal land to MPCs. Identified high 
suitability areas were used to reassign C fac-
tor values for the land management practices 
factor (figure 4) (Panagos et al. 2015).

Results and Discussion
Suitability. The results of the model are the 
product of translating the landowner defini-
tion of marginal land to physical and spatial 
traits. The first of these traits is soil erosion, 
and the soil erosion model estimated an 
annual soil displacement of 20,639 t y–1 in the 
USRW under current agricultural practices 
(figure 5). High erosion rates were isolated 
to sloped areas of the USRW, with aggre-
gated areas in the northeastern section of 
the watershed where there was higher relief 
and peri-urban or riparian areas surround-
ing cropland. Nine percent of the USRW’s 
agricultural land had erosion rates greater 
than 0.5 t ha–1 y–1, with 2% (26,743 ha) of 
the USRW modeled to have rates above the 
USDA NRCS defined acceptable amount of 
soil loss of 5 t ha–1 y–1. Soils classified with 
low crop productivity index values make 
up 23% of the USRW total area and were 
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Table 4
The selection of traits for the suitability analysis was informed by landowner adoption pref-
erences, and traits were weighted and ranked according to landowner definitions of marginal 
land, as described in Mattia et al. (2016). Traits highly relevant to low yield and high risk for 
annual row crops were ranked higher.

Name Wi Rij Cell value Units

Crop productivity index 6 1 127 to 130 —
  2 117 to 126
  3 69 to 116
A: Annual soil loss 5 1 0 to 0.5 t ha–1 y–1

  2 0.6 to 4.9
  3 5 to 136 
Flood frequency 4 1 None —
  1 Rare
  2 Occasional
  3 Frequent
Riparian areas 4 3  50 m
Natural areas  2  50 m
Roadsides  1  50 m
Sand content 3 1 0 to 22 %
  2 23 to 55
  3 56 to 91
Cation exchange capacity 3 1 24 to 133 meq 100 g–1

  2 15 to 23
  3 1.6 to 14
Pond frequency 2 1 0 to 5 Time (%)
  2 6 to 14
  3 15 to 100
Water table depth 2 1 90 to 190 cm
  2 50 to 90
  3 7 to 51
Soil pH 1 1 6.2 to 6.5 pH
  2 5.5 to 6.2, 6.5 to 8.2

primarily located in the northeast region of 
the watershed in Champaign and Ford coun-
ties. The identified areas of high soil erosion 
and low crop productivity represent areas of 
concern for landowners seeking to improve 
marginal land management (Mattia et al. 
2016; Brandes et al. 2016). Occurrences of 
crop field edges within 50 m of natural areas, 
waterways, or roads added 5,585 ha of highly 
suitable land. The overlap of multiple edge 
buffers identified some instances of small 
and irregularly shaped fields. The soil erosion 
model calculated a 56% reduction in annual 
soil loss when it was rerun using adjusted C 
factor values for highly suitable land con-
verted to MPCs.

The spatial patterns of high suitabil-
ity for MPCs, or “marginality” for annual 
row crops, in the USRW indicated target 
regions congregated in the northern area 
of the watershed and areas north of the 
Sangamon River (figure 6). Seven percent 

of the USRW’s agricultural area, or 18,685 
ha, was identified as target regions with 
high suitability for MPCs, or “marginal” for 
annual row crops. Subfield distribution of 
target areas was identified where crop pro-
ductivity was low, topographic potential for 
erosion was high, and edges of roads and 
waterways delineate small fields (figure 7). 
The average suitability per farm parcel was 
calculated to prioritize farm parcels with 
high suitability (figure 8).

Soil Erosion Model Limitations. The 
accuracy of the soil erosion model using GIS 
is constrained by the quality of its lowest res-
olution input layer and the accuracy of the 
equations used to derive the soil erodibility 
factors. For one, the RUSLE framework is 
limited in modeling the soil erodibility fac-
tors temporally. The rainfall erosivity data are 
a static layer and do not account for differ-
ences in intensity for rainfall events, while 
the other model parameters have one to 

three years of data informing the factor. In 
regards to spatial quality, the resolution of 8.5 
m is within the range expected to provide an 
accurate model of soil erosion patterns and 
minimize the common issue of overestima-
tion of the LS factor (Mitasova et al. 1996; 
Gertner et al. 2002; Hoffmann et al. 2013).

Another concern is error propagation 
due to the estimations and errors inherent 
in the data sources, such as the inaccuracies 
in the data modeled for mean annual pre-
cipitation and soil properties (gSSURGO 
2016; Thornton et al. 2016). Some valida-
tion of the soil erosion estimates was possible 
through RUSLE1 software results, and while 
this falls short of validation through natural 
runoff plot data, previous work determined 
the RUSLE soil erosion model framework 
to effectively represent erosion processes 
compared to other models (Tiwari et al. 
2000; Parsons et al. 2004). Tile drainage is 
a major hydrological control on watersheds 
(Yaeger et al. 2013); however, the effect of 
modified drainage on routing surface water 
was not captured by the soil erosion model 
(Hoffmann et al. 2013). Subsurface water 
flow was only considered in the P factor, 
where tile drainage was included as a prac-
tice that reduces surface runoff (Skaggs et 
al. 1994). Future efforts should be directed 
toward understanding how artificial drainage 
affects surface water routing and erosion.

Studies have integrated multiple models 
with RUSLE to overcome its limitations 
and more accurately estimate hydrological 
and biochemical processes (Fernandez et 
al. 2003; Bonner et al. 2014). However, the 
models often have greater computational and 
data requirements compared to the RUSLE 
framework (Parsons et al. 2004). The goals of 
this study worked within the limitations of 
soil erosion model output by using relative 
spatial patterns of erosion to identify suitable 
areas and by using estimated soil erosion as 
a metric for comparing impacts of LULC 
change (Van der Knijff et al. 2000).

Soil Erosion Sensitivity Analysis. A 
sensitivity analysis investigated how the vari-
ability in the soil erosion model output is 
apportioned to its factors. This process was 
accomplished by incrementing each fac-
tor relative to its value range, rerunning the 
model for each increment of each factor, and 
comparing the percentage change in results 
(Crosetto and Tarantola 2001; Chen et al. 
2010). The soil erosion model was highly 
sensitive to the LS factor, emphasizing the 
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Figure 5
(a, b, c, d, and e) Soil erodibility factor maps and (f) the spatial patterns of soil erosion in the Upper Sangamon River watershed, estimating 24,500 t 
of soil erosion annually.
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importance of sloping land as targets for 
erosion control measures (see supplemen-
tary materials for figure at https://databank.
i l l inois .edu/dataset s/IDB-8131709). 
Sensitivities of the model parameters were 
within the expected range, particularly for 
the LS and C factor where output could be 
expected to vary greatly based on the data 
source and derivation method.

Suitability Model Limitations. The suit-
ability model’s criteria selection for marginal 
land classification and variable weighting 
was subjective to the goals of the study; 
nonetheless, these factors severely impacted 
the results of the analysis. Low short-term 
profitability for row crops was the main 
determinant of opportunity lands for MPCs, 

thus the crop productivity index received 
the highest weighting. The remaining vari-
ables were weighted based on their relevance 
to conservation and production goals. For 
example, flood zones or land next to streams 
is a concern for both goals and is thus ranked 
high. On the other hand, pH is important 
to crop productivity but can be managed 
with soil amendments so it is ranked low. 
Correlations between the suitability variables 
were checked before inclusion in the model. 
None of the chosen variables showed sig-
nificant correlation; however, some variable 
combinations may inherently weight land 
characteristics heavier than assigned.

Implications. The MPCs suitability model 
sought to address land-planning issues not 

commonly included in traditional land clas-
sifications by using landowner preferences as 
criteria for defining marginal land (Mattia et 
al. 2016). Previous work demonstrated that 
profitability and economic incentives are 
major drivers for most landowners (Arbuckle 
et al. 2009; Mattia et al. 2016). Thus, when 
marginal cropland is operated at a net loss, 
it provides economic incentive to transi-
tion to other land use options (James et al. 
2010; Kang et al. 2013). With precision agri-
culture enterprises providing landowners 
with accessible subfield farm data (Bonner 
et al. 2014), there is opportunity for paired 
knowledge of MPCs suitability to improve 
implementation and long-term adoption of 
perennial systems. This analysis also addresses 
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Figure 6
Suitability of agricultural land in the Upper Sangamon River watershed for Multifunctional  
Perennial Cropping Systems (MPCs), based on marginal land characteristics emphasizing  
areas of high soil erosion and low crop productivity.
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the growing opportunity for transition-
ing small or irregularly shaped fields due to 
increasing farm equipment size (Douglas 
Gucker, personal communication). For large-
scale farmers inconvenienced by these fields, 
there is precedent for leasing arrangements 
with tenants for small-scale operations, 
such as MPCs (Lovell et al. 2010; Wastfelt 
and Arnberg 2013; Mattia et al. 2016). The 
MPCs suitability map could then be used to 
connect tenants and resources and promote 
cooperatives across the watershed (Downing 
et al. 2005).

The MPCs suitability model identified 
farm parcels where landowners could be 
most persuaded to alter their marginal land 
management, especially if augmented by 
their own precision agriculture data or input 
from stakeholders, in order to support the 
land-planning goals of nongovernmental 

organizations (NGOs), government offices, 
and university extension. A local endeavor 
for the USRW is improving water quality in 
Lake Decatur, for which increased perennial 
cover has been cited as a solution to reduce 
nutrient loss from cropland (Fraterrigo and 
Downing 2008; McIsaac et al. 2010; Smith 
et al. 2013). The RUSLE framework incor-
porated LULC change in the C factor, 
which was manipulated to reflect manage-
ment changes on high suitability areas from 
row crops to MPCs (Fernandez et al. 2003; 
Pandey et al. 2007). The N load from tile 
drained corn (Zea mays L.)–soybean (Glycine 
max L.) rotation is about 20 to 30 kg N ha–1 
y–1, and the load from perennial systems is 
2 to 3 kg N ha–1 y–1 (McIsaac et al. 2010). 
Implementation of MPCs on target areas 
could reduce NO3 loadings by 90%, as well 
as have measurable effects on the hydrology 

of the watershed, such as influencing runoff 
and transpiration (Zhou et al. 2002; Yaeger et 
al. 2013; Creed et al. 2014). Increasing peren-
nial cover could also diversify producer and 
consumer networks, with evidence from a 
European-scale model of marginal land that 
identified silviculture species capable of both 
environmental mitigation and high pro-
ductivity (Reisner et al. 2006). Thus, MPCs 
have the potential to develop local food and 
market infrastructures for perennial food 
and biomass products (Ghezehei et al. 2015; 
Lovell et al. 2017).

Future Directions. This study was designed 
to identify marginal land for targeting land-
owners and specific parcels or sections for 
transition to MPCs. The methodology for 
the suitability model does not include direct 
comparisons with observations in the water-
shed; however, use of the model’s results will 
inform future work. Our research team is 
currently working with individual land-
owners in the USRW, providing materials 
to assist in the transition to MPCs, such as 
planting plans, species lists, and economic 
information. In addition, long-term field 
studies have been established to compare dif-
ferent types of MPCs based on a range of 
ecosystem services, including production. 
These studies will test several MPCs options 
with trees and shrubs that supply edible fruits 
and nuts (Lovell et al. 2017). In addition, the 
methodology for identifying marginal land 
can direct plant breeders to specific envi-
ronments for adapting tree crops. In future 
research, we also intend to compare MPCs to 
conservation programs to determine if these 
systems could offer harvestable products 
while simultaneously providing equivalent 
regulating services, such as water quality 
improvement, wildlife habitat, and C seques-
tration. The results of this research could have 
important policy implications. The effort to 
implement MPCs works alongside a col-
lective of initiatives to improve short- and 
long-term resilience of ecological, hydro-
logical, and climatic ecosystem services using 
new management strategies (Rhoads et al. 
2016; Lovell et al. 2017). As a whole, these 
initiatives have begun to capture all aspects 
of implementing MPCs in a socially, envi-
ronmentally, and economically feasible way.

Summary and Conclusions
MPCs are designed to meet the economic 
needs of landowners and are a mechanism 
for rural development. Whether motivated 
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Figure 7
Details of a target region for Multifunctional Perennial Cropping Systems (MPCs) located in the 
northern region of the Upper Sangamon River watershed, showing the target regions identified 
by the suitability model. Example of high suitability locations are areas of high erosion rates, 
natural area borders, and poor drainage areas.
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by conservation programs or row crop losses, 
landowners and stakeholders could be incen-
tivized to convert sensitive land to MPCs, as 
opposed to retiring land from production. 
Operation of MPCs can improve rural vital-
ity by providing skilled work for younger or 
beginner farmers that want to lease land, as 
demonstrated in previous work (Mattia et al. 
2016; Savanna Institute 2017). For these rea-
sons, the suitability model was tasked with 
including the landowner characteristics that 
would best predict successful MPCs adop-
tion. As research progresses, incorporation of 
spatial references for socioeconomic factors, 
such as occupational status, age, and educa-
tion, may enhance the model’s predictive 
power. Furthermore, trends regarding agri-

cultural landowners have shown increasing 
age and farm sizes (Schulte et al. 2008). A 
change in the composition of decision mak-
ers has substantial impact on the types of land 
use strategies likely to be adopted (Petrzelka 
and Armstrong 2015; Varble et al. 2016). 
However, because MPCs can utilize many 
species, operations can be designed to suit 
the needs of many landowners and leasing 
arrangements (Idassi 2012).

We hypothesize that conversion of mar-
ginal lands is the first step to improve 
land-use strategies for conservation goals in 
agriculture. Central Illinois has some of the 
most productive soils, yet target areas and 
subfield zones were identified as marginal, 
suggesting that this condition could exist 

across the Midwest. Given the vast use of row 
crop production, MPCs could have a signif-
icant impact on the landscape by providing 
ecosystem services and socioeconomic ben-
efits. The suitability model heavily weighted 
soils with erosion and nutrient loss in order 
to target the most sensitive lands. The con-
version of this relatively small proportion of 
the watershed (7%) to MPCs could result 
in disproportionally large environmental 
benefits from the reduced erosion. Similar 
approaches, if applied across the Midwest 
United States, could result in substantial 
impacts on broader water quality condi-
tions, such as reducing hypoxia in the Gulf of 
Mexico (McIsaac et al. 2001).
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Figure 8
Suitability of land parcels in the Upper Sangamon River watershed and Macon County.
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