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Crop rotation is one strategy for adapting agroecosystems to a framework that balances ecological diversity,
sustainability, and food production. The Sacramento Valley, one of the most productive rice growing regions in
the US, faces sustainability challenges including increasing herbicide resistant weed pressure and water use
restrictions. Increasing crop diversity may help address these challenges, but this region has unique soil attributes
including high clay content, salinity, alkalinity, and cemented subsurface layers, and the degree to which these
soil properties influence crop rotation decisions remain unclear. The objectives of this study were to quantify the
extent of crop rotation in this region, compare soil properties for rotated and continuous rice fields, and assess
the potential for expanding rotations based on the geographic coverage of influential soil variables. Using sat-
ellite derived land cover data for 2007-2021, our analysis shows that only ~5000 ha are in rotation with rice,
while 220,000 ha are in continuous rice production. This land cover information is fused with SSURGO soil maps
in a spatial random forest model. The modeling approach indicates that fields with soil pH between 6.5 and 8, EC
between 0.5 and 2 (ds m’l), and saturated hydraulic conductivity less than 2 (pm s'l) are more likely to be
rotated. However, we estimate that only 11% of the continuous rice area has all three of these soil properties
combined, suggesting soil limitations are an important constraint. This research highlights a method for eval-
uating land use decisions in relation to spatial variability of soil properties to better understand barriers to ag-
roecological diversification.

1. Introduction Valley, where it is grown on approximately 210,000 ha (USDA - NASS,

2021). California is the second largest rice growing state in the US, with

Increased crop rotation is being explored as one potential solution to
global challenges in agricultural sustainability (Altieri et al., 2015;
Cabell and Oelofse, 2012). Rice (Oryza sativa L.), the main staple food for
nearly half the world’s population (Awika, 2011; F.A.O, 2019; Yuan
et al., 2021), is often grown in continuous cropping systems supporting
one to three rice crops per year. Continuous flooded rice production can
maintain high productivity due to biological and chemical soil processes
unique to flooded agricultural soils (Pampolino et al., 2008; Cassman
and Pingali, 1995; Waha et al., 2020; Bronson et al., 1998). However,
there are agricultural sustainability challenges for modern continuous
rice systems. To support these challenges, diversifying rice-based crop-
ping systems with non-flooded crops is being explored in different
contexts (Baste et al., 2021; Cassman and Grassini, 2020; Horton et al.,
2021).

In California, rice production is concentrated in the Sacramento
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some of the highest rice yields in the world (Hill et al., 2006). However,
the long-term viability of the California rice industry is threatened by a
number of challenges including increasing weed pressure and water
scarcity (Hanson et al., 2014; Gebremichael et al., 2021). California rice
has the highest number of herbicide resistant weed species of any other
crop or region in the U.S. (Hanson et al., 2014). Also, populations of new
weed species, such as weedy rice (also known as red rice), are evolving a
suite of phenotypic traits that closely resemble cultivated rice, making
them particularly difficult to manage (De Leon et al., 2019). Droughts
across the Western US have led to severe water shortages, including
water restrictions for growers (Hanak et al., 2019; Gebremichael et al.,
2021). Gebremichael et al. (2021) found that fallow land across Cal-
ifornia’s Central Valley tripled during drought years due to water use
restrictions. In four of the last 10 years, during periods of severe drought,
rice acreage declined leading to widespread fallowing throughout the
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rice growing region (USDA, 2020). Drought conditions are expected to
increase in frequency and severity due to climate change (Cayan et al.,
2010), and alternative cropping system strategies are needed to main-
tain agricultural sustainability.

Diversifying the number of crops grown in the region could be an
important component of integrated weed management strategies and
has potential benefits for water conservation. Rotations can be part of
integrated weed management strategies by allowing for the use of
different modes of herbicide action, and cultivation techniques and
irrigation systems that are different from those used in typical contin-
uous rice systems and can target different weed species including
pervasive aquatic weeds (Kayeke et al., 2017; Beckie et al., 2004;
Brim-DeForest et al., 2017). Rice is one of the most water intensive
California crops, behind almonds, pistachios, and alfalfa (Cody and
Johnson, 2015; Medellin-Azuara, 2022). Common alternative irrigated
summer annual crops in the region such as processing tomatoes, dry
beans, and safflower use 36%, 9.2%, and 3.4% the water that rice uses
annually (Cody and Johnson, 2015). Rotating continuous rice with less
water intensive annual crops could help maintain agricultural produc-
tivity while meeting water use restrictions.

Despite the potential benefits of crop rotation for weed management
and water conservation in rice systems, soil constraints may be a major
limitation. Large portions of the Sacramento Valley are reclaimed wet-
lands that have soil properties that are suitable to flooded rice produc-
tion but make crop rotation difficult (Hill et al., 2006). Previous studies
have reported that more than half of the rice growing region is consid-
ered ‘rice only’, where production of other summer or winter crops is,
due to properties of the soil, expected to fail due to poor yield and high
input costs (Carter et al., 1994; Hill et al., 2006). The remaining half of
the region has been described as having limited rotation capability. Soil
features such as floodplains, heavy clays, salinity and/or alkalinity, and
cemented subsurface layers are widespread in the region and are
perceived as major limitations to rotation (LaHue and Linquist, 2021;
Rosenberg et al., 2022; Hill et al., 2006). Some rice growers are suc-
cessfully rotating rice with summer irrigated crops (tomatoes, corn,
safflower, and dry beans), vetch and wheat as a winter annual crop,
alfalfa, and other forages (Rosenberg et al., 2022), with most rotation
occurring in a limited portion the Southern Sacramento Valley (Rosen-
berg et al., 2022; Carter et al., 1994). However, these evaluations of soil
properties were not based on digital USDA-NRCS Soil Survey Maps,
which offer the most detailed soil map data for the US (Soil Survey Staff,
2014), and the relative amount of rice area under some form of rotation
is poorly quantified. Thus, there is an opportunity to explore the feasi-
bility of rotations based on soil limitations using soil survey maps to
determine the relationship between crop rotation decisions and soil
properties.

Machine learning methods are one potential approach for assessing
the role of soil properties on future land use scenarios to improve natural
resource management. Machine learnings models can be used to effi-
ciently examine relationships between multiple, interacting soil pa-
rameters and their influence on different land use categories at large
spatial scales. For example, these approaches have been used to predict
crop rotation in the US Midwest (Socolar, 2021), to assess the potential
for dryland agriculture in the High Plains region, USA (Deines et al.,
2020), to identify floodplains at high resolution across the continental
US (Woznicki et al., 2019), to simulate the conversion of grasslands to
grain in the great plains (Olimb and Robinson, 2019), and to predict
future cropland expansion (Rashford et al., 2011). These studies illus-
trate the novel insights that can be gained by integrating land use maps
with underlying soil properties in a machine learning framework.

The overall goal of this study was to explore the potential for agro-
ecological diversification of rice-based cropping systems based on a
geospatial assessment of soil limitations. The method presented here
uses land cover data, SSURGO soil data, and a spatial random forest
model to identify key soil properties associated with continuous rice
fields and rotated rice fields. The specific objectives were to: 1) quantify
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the total rice area under crop rotation and continuous rice; 2) evaluate
differences in soil properties between rotated and continuous rice fields;
and 3) estimate the potential continuous rice area that could support a
high likelihood of rotations based on the most influential soil variables
identified in random forest models. Results will help inform the feasi-
bility of crop rotations as a tool for enhancing the long-term sustain-
ability of California rice systems.

2. Materials and methods
2.1. Data sources and processing

2.1.1. Land use data

Land use maps for the Sacramento Valley were built by integrating
the Crop Land Data Layer (CDL) with field boundary data provided by
the California Department of Water Resources (DWR). The CDL is a high
resolution (30 m) national land cover data set that provides crop-level
information on a yearly basis. The CDL is generated from Landsat sat-
ellite missions and developed by the United States Department of
Agriculture/ National Agricultural Statistics Service (USDA/NASS)
CropScape project (NASS CDL, 2022). The CDL includes up to 141 land
use classes, 117 of which are agricultural. In California, the CDL is
currently available from 2007 to 2021, and all years were used in this
analysis.

While the CDL is considered a powerful tool for understanding
agricultural landscapes in the United States (Lark et al., 2017) it is still
prone to uncertainties that result from land cover classification using
satellite remote sensing data. To reduce these errors and improve overall
accuracy, the CDL was integrated with a high accuracy land cover and
field boundary data set provided by DWR (Verburg et al., 2011; Seo
et al., 2014). The field boundary data set is prepared by LandIQ, a pri-
vate mapping company based in Sacramento CA, and provided to the
California DWR Regional Office Land Use office (DWR, 2022). The
integration approach is as follows. Pixels, or portions of pixels, outside of
field boundaries were excluded, managing errors where fields do not
align with pixels, and where edge effects can influence acreage estimates
(Lark et al., 2017). Within the field boundary, each field was reclassified
as the dominant pixel type, mitigating errors where, for example, a few
incorrect pixels are scattered across a rice field. Acreage estimates and
change detection were performed on this reclassified, field level data set.

After reclassifying all fields within the Sacramento Valley region, we
limited the analysis to the rice growing area by selecting all the fields
where the dominant class was rice in at least one year of the 15-year data
set. In total there were 13,120 fields covering 268,950 ha. This region
has a high diversity of annual and perennial crop types. To simplify our
analysis and to increase accuracy (Lark et al., 2017), we grouped CDL
crop classes together into eleven dominant groups. These groups are:
rice, fallow, summer annual, winter annual, other annual, alfalfa,
grasses, walnut, almond, other perennial, and other (See table S1 for a
complete list of the CDL classes in each group). We used this data set to
examine land use changes in the region including yearly changes in rice
area, the acreage under rotation with rice, and the area that has been
converted to perennial tree crops such as almonds and walnuts. To assess
the accuracy of our custom data set, we compared our county level rice
acreage estimates to NASS data (USDA - NASS, 2020) for the eight major
counties in the rice growing region.

2.1.2. Soil data

Spatial soil information in this region was obtained from the Soil
Survey Geographic Database (SSURGO) developed by NRCS (NRCS
Soils, 2022). SSURGO data was accessed using the FedData package
(Bocinsky, 2019), which downloads federal geospatial data directly
from the internet and loads it into RStudio. A range of soil variables
important to agricultural production were used in the preliminary data
analyses including chemical properties (acidity, salinity, sodium
adsorption ratio), physical properties (soil texture, saturated hydraulic
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conductivity, linear extensibility), and general descriptors of soil type
(soil order, soil series, irrigated capability class, or the presence of
subsurface layers that are restrictive to root growth).

For all numeric soil variables, a depth weighted average was
computed across all horizons in the rooting zone (top 30 cm of the soil
profile). In this process, horizons that start below 30 cm depth are
excluded and the thickness of all remaining horizons is computed. A
weighted mean for each numeric soil property was calculated by
multiplying the soil property value from each horizon by the thickness of
the horizon, summing the value for all horizons present, and dividing by
the total depth (30 cm). This depth weighted average was then applied
across the SSURGO map unit area, and field level averages were
computed for each field in the study area. This process was conducted
using the sf package in R (Pebesma, 2018). Categorical soil variables,
such as soil order or irrigated capability class, have only one value per
component and do not require a depth weighted average. For this data,
the dominant soil component (largest percent composition within the
map unit) was selected, and the location of each field’s centroid was
used to determine the field level value.

2.2. Modelling process

2.2.1. Data preparation

To compare soil properties of continuous rice fields and rotated rice
fields, a binomial classification approach was used. For this approach,
two classes were determined from the land cover data set: ‘continuous
rice’ fields and ‘rotated rice’ fields. These two groups had strict criteria:
Fields that were in rice at least 12 of the 15-year data set and were
fallowed in the alternate years (i.e. never planted in a summer annual,
winter annual, alfalfa, or grass) were considered ’continuous rice’ fields;
Fields that were in rice at least seven years and were rotated with
summer annual crops, winter annual crops, alfalfa, or grasses on at least
two separate occasions were considered ‘rotated rice’ fields. We used
these two categories to make a direct comparison between continuous
rice fields and fields that are in rice almost half the time but also rotated
with other crops. The core objective was to explore the potential for
rotation in fields that are currently continuous rice, thus we set a me-
dium requirement of years in rice for rotated fields rather than including
fields that were predominantly other crops or not rotated with rice on
two separate occasions. As a result, some rice fields were excluded from
the model. Fields that were in rice 9 of the 15 years and other land uses
the remaining years were placed into a distinct category called ‘rice +
other’ (15.8% of total area). This includes fields that transitioned out of
rice to urban uses, or fields that were fallowed and/or planted with other
crops such as alfalfa or annuals only on a few occasions. Fields that were
in annual crops (summer annuals, winter annuals, alfalfa, and grasses) 9
of the 15 years were considered ‘annual’ (6.3% of total area). Fields that
were frequently fallowed (9 of the 15 years) were considered ‘fallow’
(1.3% of total area).

2.2.2. Random forest

After randomly splitting the data set into training and validation
subsets (75% to train and 25% to validate), a random forest classifica-
tion model (Breiman, 2001) was trained to create a binary prediction for
‘continuous rice’ and ‘rotated rice’ based on soil variables. Random
forest is an ensemble learning method that has recently become very
popular because it combines the interpretability of decision trees with
the performance of modern learning algorithms such as artificial neural
networks and SVMs. Random forest models use multiple independently
constructed decision trees, each with a unique bootstrap sample of the
training data set, thus reducing the variance of single trees and
improving prediction accuracy (Liaw and Wiener, 2002; Wiener; Prasad
et al., 2006). Furthermore, random forest models are efficient, insensi-
tive to overfitting, and are relatively straight forward to implement
(Belgiu and Dragu, 2016).
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2.2.3. Model assessment

Following model training, model assessment was performed on our
remaining validation data set. The primary objective was to correctly
classify rotated fields within the rice area. Therefore, we examined
classification accuracy using precision (P), recall (R), and F1 score of
rotated fields. Precision is how often the classified product (rotated
fields) is correct when compared to the source data set (Eq. (1)). Recall,
also known as the hit rate, is how often the source dataset is correctly
classified by the model (Eq. (2)). F1 measures classification accuracy of
rotated fields by combining precision and recall using their harmonic
mean (Eq. (3)).

Tp
P= 1
Tp + Fp )
Tp
R=—"— 2
Tp+ Fy 2
Floob * R 3)
P+R

Where T, is the number of true positives (number of pixels correctly
classified as rotated fields), F}, is the number of false positives (number of
pixels incorrectly classified as rotated fields), and Fy is the number of
false negatives (number of pixels incorrectly classified as continuous rice
fields). In our modelling process, the F1 score was used as the primary
measure for model evaluation because it balances precision and recall.

2.2.4. Model set up

In spatial data, observations that are relatively close tend to be more
related to each other, which means that training and validation data sets
are rarely independent, violating an important prerequisite of model
building and leading to highly optimistic evaluations of predictive
power (Arlot and Celisse, 2010; Ploton et al., 2020). Factors other than
soil properties can influence the spatial distribution of crop rotation
across a landscape, such as market distance, access to equipment, or
economic factors. (Socolar et al., 2020; Rosenberg et al., 2022). One
method to deal with spatial heterogeneity in is spatial cross validation.
Spatially cross validated models of ecological data can have better
performance at predicting error estimates and predicting to new data or
predictor space, as well as for selecting causal predictors (Roberts,
2017). We used R’s ‘spatialsample’ package (Silge, 2021), to implement
spatial cross validation. In summary, our training data was split into ten
cross validation groups using k-means clustering of the field’s spatial
coordinates.

Next, model hyperparameters were defined and tuned. Because the
model was assessed primarily with F1, these combinations of hyper-
parameter values were optimized for F1. F1 was static after a minimum
of 150 trees, so 150 trees were used to ensure adequate trees for all
models. To define the number of variables randomly selected as candi-
dates at each split (mtries), and the minimum number of data points in a
node that is required for the node to be split further (min_n), a hyper-
parameter grid search was performed with values from one to six and
20-40, respectively. Mtries = 3 and min _n = 31 were selected based on
the highest F1 score.

Sampling strategy is another model parameter that can require
careful calibration, especially when there is substantial class imbalance
(Woznicki et al., 2019). In our binomial data set, continuous rice fields
were 16-times more prevalent than rotated rice fields. Sampling stra-
tegies that adjust the prevalence of either class in the training data can
affect precision and recall rates (Chen, 2004; Woznicki et al., 2019).
Thus, we also optimized for F1 in our model tuning process. The mi-
nority class was up sampled randomly and at 10%, 20%, and 50%
sampling ratios. The strategy using a 20% sampling ratio had the highest
F1 score, so this strategy was used in the final model deployment.
Woznicki et al. (2019) used this sampling strategy and similarly found
that a 20% sampling regime was optimal because of its higher recall.
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2.2.5. Variable importance

An important task in machine learning interpretation is to under-
stand which predictor variables have the strongest influence on the
predicted outcome. To accomplish this, a ranked order of variable
importance in the classification model was determined using the per-
mutation method based on AUC. In this method, AUC is computed for
each tree after permuting each predictor variable (Greenwell et al.,
2018). This method is considered more robust towards instances of class
imbalance (Janitza et al., 2013). Variable importance was computed in
R’s ‘vip’ package (Greenwell et al., 2018).

To improve interpretability, we pruned our set of predictor variables
to reduce model complexity without compromising accuracy. Redun-
dant soil variables were removed if they were highly correlated
(r > 0.8). Moreover, if model predictions for a variable did not show
clear patterns in partial dependence plots (explained below) and omis-
sion of this variable in the model did not affect F1 scores when evaluated
on the validation data set, variables were removed. This included linear
extensibility (%), cation exchange capacity (CEC), drainage class, the
presence of a cemented layer, and the soil series name. The remaining
set of soil variables used in the modeling process were pH, electrical
conductivity (EC), sodium adsorption ratio (SAR), saturated hydraulic
conductivity (Ksat), taxonomic soil order (soil order), and irrigated
capability class (ICC) (see Table 1 for a complete description of these soil

Table 1
SSURGO predictor variables used in the modeling process.

Variable Type
name

Description

EC Continuous  The electrical conductivity of an extract from
saturated soil paste (EC,, ds m™). EC represents the
ability of a soil to conduct or attenuate electrical
current. It is a metric reflecting the content of soluble
salts in the soil matrix, also known as salinity or ion
concentration.

The negative logarithm to the base 10, of the
hydrogen ion activity in the soil using the 1:1 soil-
water ratio method. A numerical expression of the
relative acidity or alkalinity of a soil sample.
Saturated hydraulic conductivity

The ease with which pores of a saturated soil transmit
water (pm s1); the amount of water that would move
vertically through a unit area of saturated soil in unit
time under unit hydraulic gradient.

Sodium adsorption Ratio

A measure of the amount of sodium (Na) relative to
calcium (Ca) and magnesium (Mg) in the water extract
from saturated soil paste. Soils with high SAR values,
say greater than 13, may be characterized by an
increased dispersion of organic matter and clay
particles, reduced Ksat, and aeration, and a general
degradation of soil structure.

Taxonomic soil order

The highest level in the soil classification system
where soils are grouped into twelve orders based on
distinct soil characteristics and ecological
significance. Soil orders are typically defined by a
dominant characteristic affecting soils in that location
including the type of prevalent vegetation, the type of
parent material, climate variables that influence soil
formation, the amount of physical and chemical
weathering present, and/or the relative amount of soil
profile development that has taken place.

Irrigated capability class

Describes the general suitability of soils for most kinds
of field crops where irrigation is used, including
chemical, physical, and biological soil parameters.
ICC values range from one to eight, and lower
numbers indicate better growing conditions. For
example, fields with ICC of two or less have few to
moderate limitations that reduce the choice of plants
that could be grown. While fields with ICC of three or
greater require special conservation practices or have
severe limitations that reduce the choice of plants.

pH Continuous

Ksat Continuous

SAR Continuous

Soil Order Categorical

1CC Categorical
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variables).

Throughout our model tuning process, variable importance scores
were often tied or closely ranked. To establish a clear order of variable
importance, the variable importance computation was executed 200
times across the training data, and the variables were ranked based on
their mean effect on the AUC score.

2.2.6. Model application

Once a subset of the important features was identified, expected
target responses were computed while accounting for the average effect
of the other predictors in the model. This produces a partial dependence
plot (PDP), which is a method of visualizing the effect of each soil var-
iable on the model outcome (yhat) (Hastie et al., 2009). PDPs were built
in R’s ‘DALEXtra’ package (Maksymium et al., 2020). PDPs were built
for the three most important soil variables from the variable importance
plot.

Another primary objective was to estimate the area of continuous
rice fields that have the soil features of a rotated rice field based on the
three most important soil variables determined by the model. Rather
than examining F,, which can be heavily influenced by sampling
schemes (i.e. up sampling or down sampling) (Woznicki et al., 2019), we
developed a ‘manual approach’ using partial dependence data to
determine thresholds, i.e. ranges for each of the three important soil
variables supporting a higher likelihood of rotation. All continuous rice
fields were then examined to determine how many of them met each of
these three soil criteria, both individually and combined. For all the
fields in each group, we computed the acreage (sum), and median pre-
dicted probability that the field is rotated (denoted as yhat;, and shown
as a percentage). This manual method allowed us to investigate how soil
properties may act as a barrier to crop rotations and to quantify the
acreage of continuous rice fields that have some of the properties of a
rotated field.

3. Results and discussion
3.1. Continuous rice and rotated rice

According to our analysis, annual rice production area ranged from
227,000 to 161,000 ha, which is consistent with USDA reported acreage,
and represents approximately 95% of California’s rice growing area
(USDA NASS, 2020). Across the eight major counties in the growing
area, agreement between our data set and USDA NASS acreage was
strong (R? = 0.99) and fell along the 1:1 line (Fig. 1).

58% of the study area was in continuous rice production (Fig. 2,
Table 2). Rotation with rice occurred more in the southern portion of the
Sacramento Valley (Colusa, Sutter, and Yolo counties), which is
consistent with previous studies (Rosenberg et al., 2022; Carter et al.,
1994). While the area under rotation area was considerably smaller than
the area under continuous rice, there was high diversity of rotation
schemes. Most fields under rotation transitioned from rice to another
crop on two to three occasions. A small number of fields in the study area
transitioned out of rice up to seven times during the 15-year study
period, meaning these fields were planted back to rice every other year.
According to our definition of continuous rice and rotated rice, which
we used for binomial classification (Table 2), there were 155,640 ha in
continuous rice (7550 fields) and 16,650 ha of rotated rice (470 fields)
(Table 2). The other dominant field types in the region are ‘rice + other’
and ‘annuals’, which occupy 15.8% and 6.3% of the study area,
respectively. Continuous rice production is common due to high prices
for rice, consistent high yield, high efficiency of the production system
(Hill et al., 2006), as well as farmer experiences or perceptions that these
fields are not suitable for rotated crops (Rosenberg et al., 2022; Carter
et al., 1994).

Approximately 3000 to 8000 ha were exchanged annually between
rice and other crops including summer annuals, winter annuals, alfalfa,
and grasses (Fig. 3). This exchange is dominated by summer annuals and
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Fig. 1. County-level agreement between NASS planted area and reclassified CDL prediction of rice area. Agreement is measured by the coefficient of determinization,
R?, across the eight major rice growing counties in the study area from 2007 to 2021 (dashed line is 1:1).

winter annuals, on average 3030 ha and 2430 ha are exchanged be-
tween rice and summer annuals and rice and winter annuals each year,
respectively. A smaller portion are rotated with grasses and alfalfa. The
area in rotation also decreased throughout the study period (’08-'21)
from roughly 8000 ha to 4000 ha. This decrease is likely because of
specialization of agricultural operations. Interviews with rice farmers
suggest that farmers that used to rotate have stopped due to market
changes and labor and equipment requirements for alternative crops
(Rosenberg et al., 2022). Furthermore, efficient irrigation methods such
as subsurface drip are becoming increasingly widespread in non-flooded
agricultural systems in the region due to political and economic moti-
vations to maintain or improve production while using less water
(Samuel Sandoval-Solis et al., 2022). Processing tomatoes, for example,
have seen greater than 70% conversion to subsurface drip irrigation due
to increased water savings (Ayars et al, 2015). These are
semi-permanent crop specific systems that make it difficult to rotate
with crops using different spacing or irrigation strategies, such as floo-
ded rice.

Conversion to walnuts and almonds occupied 2.4% and 0.95% of the
study area, respectively (Table 2). Conversion to perennial tree crops
may be increasing due to increasing walnut and almond crop prices,
despite increasing drought conditions (Gebremichael et al., 2021). This
represents a shift from annual cropping to a system that is more per-
manent. Walnut and almond fields have comparable water use to rice
(Cody and Johnson, 2015) but they must be watered annually to prevent
tree mortality, meaning these fields cannot be fallowed during drought
periods without significant economic loss.

3.2. Soil properties supporting crop rotations

The overall classification accuracy of continuous rice and rotated

fields evaluated on the validation data set using random forest models
was 93.9%. While our overall accuracy score was high, previous studies
have suggested that, when there is class imbalance in the training data,
other criteria for model evaluation should also be considered. After
hyperparameter tuning and choosing an optimal sampling strategy, an
F1 score of 0.62 was possible (precision was 0.52, recall was 0.76)
(Table S2). Our F1 score of 0.62 suggests that the model performed well
at binomial classification given the severity of class imbalance in the
training data. A recall score of 0.76 suggests the model correctly clas-
sified 76% of the rotated rice area. This performance indicates that soil
properties are a good predictor of crop rotation in the region, but that
there may also be other important considerations not observed in this
model, such as the economic, cultural, or logistical factors described by
Rosenberg et al. (2022). Overall, this performance is consistent with
other large-scale land cover modeling efforts using soil predictor vari-
ables (Woznicki et al., 2019; Olimb and Robinson, 2019; Sangwan and
Merwade, 2015; Wing et al., 2017).

Another objective was to assess the relative importance of soil vari-
ables in predicting rotated fields in the rice growing area. Fig. 4 shows
variable importance plots based on the mean decrease in AUC when
each variable is permuted (Greenwell et al., 2018). The red dots show
the variable importance score of the initial model execution. EC and Ksat
had very similar variable importance scores, so we repeated the model
execution 200 times and computed variable importance for each. The
box and whisker plot shows the median and interquartile range of the
200 variable importance scores from this approach, while the violin plot
shows the distribution of VI scores. Of the six soil properties included in
our analysis, pH was the most influential, followed by EC and Ksat. The
importance of each of these variables is discussed below. Soil order was
the least important variable in the model.

While variable importance plots can help rank the influence of
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Fig. 2. Rice rotation frequency map showing the number of times a field changed from rice to alternate crop (i.e. annual crop, alfalfa, forage, pasture, etc.) in the 15-
year data set. Fields converted to perennial trees were excluded. A count of 0 implies continuous rice, while a count of 6 or 7 implies the field is rotated annually.
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Table 2
Area of major field types in the study area.
Field Type Hectares % Of Criteria
Area
Continuous 155,640 57.9 Rice at least 12 out of 15 years, else fallow
Rice

Rotated Rice 16,650 6.2 Rice at least 7 out of 15 years, annual crop
(summer annuals, winter annuals, grasses,
and alfalfa) at least 2 out of 15 years, and
rotated from rice to annual on at least two
separate occasions

Annual 16,990 6.3 Annual crop (summer annual crop, winter
annual crop, alfalfa, and grasses) at least 9
out of 15 years

Rice + other 42,370 15.8 Rice at least 9 out of 15 years

Fallow 3440 1.3 Fallow at least 9 out of 15 years

Walnut 6350 2.4 Walnut at least 4 out of 15 years

Almond 2550 0.95 Almond at least 4 out of 15 years

Alfalfa 650 0.25 Alfalfa at least 9 out of 15 years

Other 24,400 9.1 Doesn’t meet any of the above criteria

Total: 268,950 100%

different variables, they do not indicate the behavior (i.e. linear,
monotonic, or more complex) or direction (i.e. positive or negative) of
the interaction between an input feature and the target response (Hastie
etal., 2009). To understand how the three most important variables (pH,
EC and Ksat) influenced the likelihood of rotations, we used PDP to
predict outcomes across each variable while marginalizing the model
output over the distribution of the other features (Fig. 5a-c). Including
data density curves with each PDP allows us to examine the distribution
of values for each soil variable, which aids our interpretation of the PDP.

Soil pH in the study region ranged from five to greater than nine

from rice
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(Fig. 5a). The partial dependence data indicates that rotated fields are
more likely between 6.5 and 8.0, while fields with pH less than 6.5 or
greater than 8.0 are likely to be continuous rice. Annual crops, including
rice, have highest productivity in neutral pH ranges (Havlin, 2020).
Acidic soils can be managed with limestone, and alkaline soils can be
managed with elemental sulfur, but both soil types can be costly and
difficult to remediate, particularly alkaline soils (Fernandez and Hoeft,
2021). Soil flooding for rice production, however, results in the
convergence of alkaline or acidic soil pH to neutral, allowing rice
growers to maintain high yields without additional inputs (Sahrawat,
2012; Ponnamperuma and Kozlowski, 1984). Furthermore, flooding for
rice production improves the availability of nutrients such as ammo-
nium, phosphorous, potassium, and other exchangeable cations, which
are mobilized in soil solution (Ponnamperuma, 1972).

Soil electrical conductivity (EC) is a metric of the salt content
(salinity) in the soil, which is an indicator of mineral nutrients in the soil
that can be quickly utilized by plants, and an indicator of salt ions in soil
that could limit crop growth (Friedman, 2005). Most of the fields in the
study area had relatively low EC (Fig. 5b). Fields with EC ranges be-
tween 0.5 and 1.5 had a higher likelihood of being rotated, while fields
with higher EC were more likely to be in continuous rice. Low EC values
could indicate that nutrients needed for plant growth are insufficient
(Friedman, 2005), while high salinity has been shown to reduce agri-
cultural productivity by causing reduced water uptake by plants
(Machado and Serralheiro, 2017). High salinity can cause reduced os-
motic pressure and ion imbalance as plants accumulate salt ions over
time (Munns and Tester, 2008). Previous studies have indicated that the
salinity threshold for field crops ranges from 1 to 2.5 dS m™ (Ayers and
Westcot, 1985; Maas and Grattan, 2015; Grattan et al., 2002; Machado

to rice
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Fig. 3. Yearly area exchanged between rice and annuals, other annuals, grasses, and alfalfa from the 15-year data set.
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Fig. 4. Variable importance (VI) scores for the soil variables used in the random forest model based on the permutation method using AUC as the metric. To stabilize
the VI scores, the model was repeated 200 times. The violin plot shows the distribution of the 200 VI scores, the left and right side of the box are the upper and lower
quartiles, the vertical line inside the box is the median, and the whiskers extend to 1.5 times the interquartile range. The red dot shows the VI score from the initial
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Fig. 5. Partial dependency plots of the three most important soil variables in the random forest model. The black lines show regression point estimates from spline
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data set. The grey background indicates the manually selected thresholds for each variable where the probability of rotation (yhat) is higher, used to estimate

proportion of the continuous rice region that could accommodate rotations.

and Serralheiro, 2017). In non-flooded agriculture, salinity can be
managed by leaching salts, but in regions where there is also poor
drainage this practice often requires installing costly drainage systems
(Hanson et al., 2006). In rice production, however, high soil salinity can
be managed with flood irrigation. For example, in the growing season,
maintaining high water depth and allowing for tailwater drainage early
in the season can help manage salinity (Marcos et al., 2018). In the
winter season, flooding of rice fields, which is commonly done to
decompose rice straw and to promote habitat for waterbirds in this re-
gion (Linquist et al., 2006), can lead to diffusion of salts into the water
column, where it can potentially be percolated out of the root zone or
exported in surface water drainage (Bachand et al., 2014).

Ksat represents how easily water can pass through saturated soil.
Fields with low Ksat values will have little water loss to percolation and
relatively high-water use efficiency for flooded crops (LaHue and Lin-
quist, 2021). Ksat values in the study ranged from O to greater than
50 um s and most fields in the study area have Ksat values below
15ums? (Fig. 5¢). Where Ksat is above 2ums?, fields were

increasingly likely to be rotated. Ksat values can vary based on a range of
soil and hydrologic factors including soil texture, soil structure, bulk
density, field water height, and ground water elevation (Bouman et al.,
2007; LaHue and Linquist, 2021). Many fields in the region have low
Ksat either because they have very high clay content or because they
have a cemented subsurface soil layer. In some parts of Glenn and Colusa
counties, clay content was greater than 60%. These clayey soils are used
for continuous rice because high clay content can lead to poor tilth,
making it difficult to prepare a seed bed, and low water availability and
poor aeration in non-flooded soils (Lund, 1959). A cemented subsurface
soil layer can lead to poor root-ability and poor workability, which is
also determinantal to plant growth for non-flooded crops (Dexter,
2004).

While sodium adsorption ratio (SAR) was not one of the three most
important variables in the model (Fig. 4), some fields in the study area
had sodic and saline-sodic soil properties, which likely limits their
suitability for rotation. Sodic soils have high pH ( > 8.5) and are also
high in exchangeable sodium (Na™) ( >15%) (Sumner, 1993).
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Saline-sodic soils have both high salinity and high Na™. Sodium toxicity
causes dispersion of soil particles leading to soil degradation and poor
tilth, making them detrimental to growth of most plants (Qadir and
Oster, 2004). Ameliorating sodic soils requires increasing calcium
(Ca®") to replace Na™ on the exchange, then leaching with excessive
irrigation. This process is difficult, costly, and time consuming, espe-
cially in soils with low Ksat limiting drainage capacity (Qadir and Oster,
2004). Water management in rice, however, can help the crop tolerate
sodic and saline-sodic soil properties with irrigation techniques such as
maintaining flooded conditions and excess drainage (Munns and Tester,
2008).

3.3. Feasibility of expanding crop rotations

We used the partial dependence data to determine ranges of the three
soil properties (pH, EC, Ksat) that have a higher likelihood of rotation
given historical land use decisions in this region (grey shading in Fig. 5a-
c). Fields with pH between 6.5 and 8, EC values between 0.5 and 1.5 ds
m’}, and Ksat values > 2 um s™! had a higher likelihood of rotation. Most
data lay within these ranges for pH and EC, however most of the fields in
our study region have low Ksat (Fig. 5a-c).

We examined all the continuous rice fields in our study that meet
each of these soil criteria to determine the extent and location of similar
soil properties associated with rotations (Table 3). Around 69,000 ha
(47%) of the continuous rice region has pH values between 6.5 and 8.0.
These fields are mostly in the northern and central portions of the study
region (Butte, Glen, and Sutter counties) (Fig. 6a). Meanwhile 73,000 ha
(50% of the continuous rice fields) had EC values between 0.5 and 1.5 dS
m'L. These fields are mostly in the center and west of the region (Sutter
and Colusa counties) (Fig. 6b). Lastly 55,000 ha (37% of the continuous
rice area) had Ksat > 2 ym s’l. These fields are in the east (Yuba and
Sutter counties) (Fig. 6¢). For all the continuous rice fields in each group,
we computed the median predicted probability of rotation (yhaty,).
Continuous rice fields that met the pH criteria had a yhat,, value of 32%,
while fields meeting EC and Ksat criteria had a median yhat,, of 28% and
21%, respectively.

Combining these thresholds allowed us to examine how multiple soil
factors affect the scope for agroecological diversification in this rice-
based system (Table 3). A total of 38,720 ha met the combined pH
and EC criteria. This accounts for about 26% of the continuous rice
fields, and these fields have a 50.7% median predicted probability of
rotation. Only 11% (16,710 ha) of the continuous rice area met all three
of the combined criteria. These fields have yhat,, of 54.1%. Most of these

Table 3

Soil criteria where fields are more likely to be rotated, the area that meet the
criteria, and the median predicted probability of rotation for all fields that meet
the criteria. Criteria were created manually based on partial dependence plots in
Fig. 3.

Criteria Area that meets Proportion of Mean predicted probability
the criteria (ha) rice area (%) (%) that the field is rotated
Single
Criteria
pH 6.5-8 68,970 46.8 32.0
EC0.5-1.5 73,590 50.0 28.0
(dSm™)
Ksat > 2 54,730 37.1 21.1
(ums™)
Two criteria
met:
pH + EC 38,720 26.3 50.7
PH + Ksat 26,910 18.3 34.0
EC + Ksat 24,870 18.9 40.2
All three
criteria
met:
pH + EC 16,710 11.3 54.1
+ Ksat

Agriculture, Ecosystems and Environment 359 (2024) 108753

fields are nearby and to the east of current rotated rice fields, which are
in the southern and central portion of the rice growing region (Sutter,
Yolo, and southeastern Colusa Counties; Fig. 6d), a region known for
having a high diversity of agricultural systems including continuous rice
(Carter et al., 1994; Rosenberg et al., 2022). The area that meets all three
criteria is approximately 12,000 ha larger than the size of the decrease
in rotation area over the past ten years (—~4000 ha) (Fig. 3). The
remaining area under continuous rice production that does not meet the
combined pH and EC criteria (74%), or all three combined criteria (89%)
is 115,170 ha and 138,910 ha, respectively. This finding is comparable
to the Carter et al. (1994) report on the Sacramento Valley rice area
which stated that “on at least [120,000 ha] (...) it would be very difficult
under any circumstances to produce another crop”.

While only 11% of the continuous rice area meets all three criteria,
incentivizing rotation in this area could help manage weeds concur-
rently with reduced water use while maintaining agricultural revenue
for farmers. In California, pesticide regulations have limited the number
of herbicides available to farmers and have limited how the existing
herbicides can be applied, leaving limited options for chemical weed
management aside from increasing the number of herbicide applica-
tions, which has increased herbicide resistance challenges (Hill et al.,
2006; Rosenberg et al., 2022). Crop rotation allows for integrated weed
management approaches including aerobic irrigation and cultivation
techniques and the use of herbicides with different modes of action,
which can support weed control and limit herbicide resistance (Beckie
et al., 2004; Kayeke et al., 2017; Vencill et al., 2012).

Currently, due to severe drought conditions in the region, many rice
farmers are forced to fallow their fields in water districts with limited
access to water rights (Pancorbo, 2023; Medellin-Azuara, 2022). Fal-
lowing, however, is not an ideal solution to water scarcity as fallow
fields inherently do not provide a harvestable cash crop or other
ecosystem services such as wildlife habitat, and leaving bare soil causes
soil erosion and degradation due to wind and water exposure (Pimentel
and Burgess, 2013; Kaspar and Singer, 2015; Wendt et al., 1986).
Alternative summer annual crops in the region such as processing to-
matoes or dry beans use 30% and 5%, respectively, of the annual water
requirements for flooded rice (Cody and Johnson, 2015). Winter annual
crops such as wheat, oats, and rye, are predominantly rainfed and
require little to no irrigation water unless it is a drought year. As
droughts increase in severity (Cayan et al., 2010), rotating rice with less
water intensive crops, where possible, could help limit agricultural de-
mand for water across the region while maintaining agricultural
productivity.

3.4. Limitations of the study

Agricultural systems are coupled human-natural systems that depend
on complex food supply chains and international trade (Liu et al., 2007).
There are numerous drivers fueling agricultural decision making
including soil type, economic variables, socio-cultural factors, govern-
ment policy, climate change, and distance to networks and terminal
markets for agricultural products (Flora et al., 2019; Rosenberg et al.,
2022). This study focuses only on the role of soil properties. To do so,
this study utilizes soil survey (SSURGO) information, which is only one
of multiple options for investigating soil barriers to rotation. SSURGO
information in California offers a comprehensive, detailed spatial
assessment of soil variables and is an excellent resource for local and
regional land use planning. However, SSURGO has a few key limitations.
SSURGO does not always integrate land use information and changes to
soil management over time, it has variable spatial detail between soil
surveys of different vintage, and there are sometimes artificial discon-
tinuities at political boundaries (Li, 2012; Du, 2015; Gatzke, 2011;
Subburayalu, 2014; Nauman and Thompson, 2014). Results of our study
align with Rosenberg et al. (2022) and other’s (Hill et al., 2006; Carter
et al., 1994); however, SSURGO data does not replace on-the-ground soil
sampling or field-based experiments that test the efficacy of planting
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Fig. 6. Map a-c show continuous rice fields that meet each of the three soil criteria for rotation (pH, EC, and Ksat). Map d shows current rotated rice fields (red) and
continuous rice fields that meet all three of the soil criteria.
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row crops in unfavorable soils.

4. Conclusions

This research uses satellite-derived land cover information and soil
survey data to examine the feasibility of crop rotation in California’s
Sacramento Valley, a region with a history of continuous rice production
and growing sustainability challenges. Our analysis shows that rotation
occurs in a limited portion of the region, and that there is a high di-
versity of rotation schemes including rotation with summer annuals,
winter annuals, alfalfa, and grasses. By comparing the soil properties of
continuous rice fields to rotated rice fields using a random forest model,
our analysis suggests that chemical and physical soil properties such as
alkalinity, salinity, and low saturated hydraulic conductivity are key
variables that may limit the potential for crop rotations to be easily
implemented in the region. This research highlights the importance of
including biophysical considerations such as soil properties into broader
efforts to diversify modern agricultural systems. Research and extension
efforts to implement crop rotation practice in the region should focus on
identifying pathways to overcome soil barriers alongside access to
markets and equipment for rotated crops. Field scale experiments may
be necessary to better understand potential rotated crops that can
tolerate the soil conditions in this region while providing water savings,
weed management benefits, and economic value.
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