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Highlights

e The MEMS ecosystem model was enhanced by incorporating spatially explicit grazing patterns
influenced by environmental factors.

e Mostly under heavy grazing intensity, simulated HFR management supports higher productivity
and SOC compared to LFR.

e Our results highlight the importance of spatial heterogeneity in simulating grazing systems

Abstract

Livestock grazing strongly influences terrestrial ecosystems and plays a critical role in carbon
dynamics, with outcomes highly dependent on grazing management. High-frequency rotation (HFR)
grazing has been proposed to reduce the uneven spatial grazing distribution commonly associated
with low-frequency rotation (LFR) grazing, potentially altering forage production and soil organic
carbon (SOC). However, most ecosystem models used to assess SOC dynamics do not explicitly
represent uneven grazing distribution, limiting their ability to evaluate management effects. To
address this limitation, we enhanced the MEMS ecosystem model by incorporating a spatially explicit
grazing distribution through the introduction of discrete spatial units and key environmental drivers,
including forage availability and quality, and distance to water. Using remote sensing-derived
enhanced vegetation index (EVI), we verified the simulated grazing distribution using an
experimental rangeland site in Oklahoma. We tested the model’s sensitivity to grazing frequency
under different management (stocking rate, timing, and duration) and climate (typical, dry, and wet)
scenarios. Our results indicate that uneven grazing distribution leads to distinct spatial patterns of
forage production and SOC. Notably, significant differences in field-average production and SOC
between HFR and LFR emerged under heavy intensity grazing, where HFR sustained higher SOC
stocks and productivity than LFR. These findings highlight the importance of spatially explicit
modeling in understanding grazing distributions, suggesting that HFR grazing may be beneficial
mostly under heavy intensity grazing. Our study offers actionable guidance for designing future
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grazing management experiments to address this critical knowledge gap and advance carbon
management strategies.

Keywords: ecosystem model; soil organic carbon; rotational grazing; forage production

1. Introduction

Grazing lands, including both pastures and rangelands, are among the most widespread land
uses on Earth, covering ~67% of the agricultural land [1]. They are estimated to store between 10-30%
of global soil organic carbon (SOC) stocks, with management playing a crucial role in shaping SOC
dynamics [2,3]. Historically, most grazing lands have been poorly managed, leading to land
degradation and significant SOC losses [4,5]. Improving grazing management strategies offers an
opportunity to recover and enhance SOC storage, while mitigating climate change [6]. Globally, it is
estimated that adopting improved grazing practices could result in SOC sequestration potential
ranging from 148 to 699 megatons of carbon dioxide equivalents per year [2].

Effective grazing management strategies involve manipulating key levers, such as grazing
frequency, duration, stocking density, and timing [7]. Among these strategies, high-frequency
rotation (HFR) grazing management, characterized by daily or sub-daily movement of livestock
across small paddocks with high stocking density, has gained popularity in recent years and has been
shown to potentially enhance SOC storage [8-13]. This intensive approach promotes more uniform
grazing across the landscape, reducing both under and overgrazing in localized areas [14-16].
Conversely, low-frequency rotation (LFR) management, where animals graze larger areas for
extended periods, often results in uneven grazing patterns. Under this management, livestock tend
to concentrate in certain areas, which leads to overgrazed and underutilized zones [15,16].

The factors influencing uneven grazing distribution have been widely studied and include
distance to drinking water sources, forage quantity and quality, shading, slope, proximity to fences,
abundance of weeds, mineral mix placement, and weather conditions [17-20]. Broad-scale spatial
patterns, such as those driven by distance to water sources or slope, often define the general
distribution of grazing. In contrast, finer-scale patchiness is influenced by factors such as forage
quality. For example, the concept of a “piosphere” describes the spatial pattern of grazing intensity
radiating from water sources, which has been observed in large free-ranging grazing systems [21],
but has also been observed at much smaller scales [16].

To predict spatial grazing patterns, various modeling approaches have been developed. For
example, statistical models such as the Levy-walk model simulate the random movement of animals
and have successfully reproduced grazing patterns [16]. Agent-based models also provide stochastic
predictions by simulating individual animal behaviors [22-24]. Process-based approaches have also
been implemented, such as the SAVANNA model [25], which assigns a habitat suitability index (HSI)
to grid cells based on factors like distance to water, forage availability, shade, and slope, and
distributes animals accordingly to capture coarse-scale patterns. Other models, such as the MLL
model [26], use simpler logic to simulate autonomous daily movements of animals based on herd
demand, forage quantity and quality. The RANGEPACK model [19] employs a decay function that
accounts for distance from water, water salinity, and vegetation type preferences, parameterized with
remotely-sensed vegetation data.

Despite these advancements, the above models have not yet integrated grazing distribution with
comprehensive soil processes at the field scale, even though it is well established that soil processes
play a critical role in supporting plant growth and directly influencing grazing dynamics [27]. On the
other hand, existing ecosystem models that have soil processes do not account for spatial grazing
distribution. To the best of our knowledge, all existing field scale process-based ecosystem models,
such as the widely used PaSim [28,29], DayCent [30,31], Century [32,33], DNDC [34,35], APSIM [36],
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and more recently our MEMS 2.34 [10] treat pastures or paddocks as uniformly grazed areas,
assuming livestock activity is evenly distributed regardless of critically influential variables such as
pasture size or stocking density. Thus, it is challenging for these models to accurately capture the
impact of different grazing management strategies on SOC dynamics and nutrient cycling [37].

Although field studies have demonstrated the effects of grazing frequency and spatial grazing
distribution on plant growth [21], their impact on SOC dynamics remains unclear due to a lack of
sufficient observations [7,38]. Mechanistic models offer a powerful tool to address this gap by
generating hypotheses, guiding field experimental design, and enhancing our understanding of
grazing systems. We hypothesize that explicitly simulating grazing distribution in models is critical
for accurately predicting SOC dynamics under different management strategies. In this study, we use
available short-term field and remote sensing data to provide a reliable foundation for these
predictions, and emphasize the need for extended field studies to confirm and further evaluate the
simulated trends.

In this study, we incorporated spatially explicit simulations of grazing distribution into the
MEMS ecosystem model [10,39] by , adapting the method from the SAVANNA model. The
SAVANNA approach provides a parsimonious yet effective representation of grazing patterns [40—
42], aligning with the philosophy of the MEMS model. While agent-based methods may capture more
complex dynamics, they are computationally expensive, require extensive input data, and may not
be practical for real-world applications with limited measurements. By maintaining a deterministic
structure, the MEMS model avoids these limitations while enabling mechanistic exploration of the
effects of grazing frequency on SOC dynamics.

The primary goal of this study was to provide mechanistic insights into how grazing frequency
impacts SOC dynamics, thereby generating hypotheses that can be tested through field experiments.
We selected an experimental site in Oklahoma with extensive observations of plant and soil dynamics
to model the impacts of different grazing management strategies. To ensure the modeling exercise is
grounded in reality, the new MEMS model was set up and calibrated using measurements from this
experimental site. This approach aims to bridge the gap between modeling and empirical research,
offering a robust framework for exploring the interactions between grazing management and SOC
storage.

2. Material and Methods
2.1. MEMS Model Description

The MEMS 2.0 model is a point-based one-dimensional (1D) process-based ecosystem model
that simulates carbon (C) and nitrogen (N) dynamics through complex interactions across the soil-
plant-atmosphere continuum on a daily time step [39]. The model represents the interplay of key
processes, including plant growth and production, soil temperature, soil water, mineral N, and soil
organic C and N. Plant C and N inputs are allocated to three measurable litter pools and a root
exudate pool. These inputs undergo decomposition through multiple pathways: leaching of soluble
compounds, microbial metabolic processes (both catabolic and anabolic), and physical
fragmentation. The decomposition rates are regulated by several key factors, specifically the C:N ratio
of the substrate, temperature sensitivity, and the availability of mineral N and water relative to
microbial demands. A key innovation of MEMS 2.0 is the incorporation of updated scientific
understanding of SOC formation processes, setting it apart from the earlier generation of SOC models
that relied on conceptual SOC pools. By integrating the dual-pathway model of SOC formation [43],
the in-vivo versus ex-vivo microbial processing [44], and point-of-entry dynamics [45], MEMS 2.0
provides a mechanistic representation of SOC dynamics. Specifically, the model simulates how
decomposition products from microbial residues and plant debris contribute to the formation of three
physically distinct and measurable SOC pools, offering a more realistic and process-oriented
approach of soil C cycling.
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MEMS 2.34 was improved from the 2.0 version to simulate uniform livestock grazing [10]. The
model incorporates key physiological processes of perennial grass phenology, including green-up
and dormancy, regrowth from defoliation, allocation and mobilization of carbohydrates and
nutrients in reserve organs, and the influence of standing dead plant mass on new plant growth. The
grazing submodel simulates the uniform removal of plant biomass based on animal demand. Forage
quality determines the digestible nutrient content of plants, influencing the partitioning of C and N
assimilated by animals. The fraction not assimilated is returned to the soil as feces and urine. For
more detailed descriptions of the model and uniform grazing framework, see Zhang et al [39] and
Santos et al. [10], respectively.

2.1.1. Introduction of Spatial Explicit Structure and Code Development

Inspired by the SAVANNA model structure, the primary structural change in the newly
modified MEMS model (hereafter referred to as MEMS 3.0) is the transformation from a point-based
1D framework to a spatially explicit framework (Figure 1). In the model, individual grazing areas are
now divided into spatial units, which can be either grid-based or non-grid-based, with uniform or
variable sizes. Each spatial unit is a 1D simulation.

Figure 1. Schematic representation of livestock distribution under (a) low frequency rotation (LFR; a single large
field under LFR with uneven livestock distribution driven by proximity to water) and (b) high frequency rotation
(HFR; partitioning the pasture into a series of small paddocks and systematically rotating the herd through them)
grazing management. The gray grid represents the spatial units used in the model, with numerical IDs assigned
to each unit. Smaller ID numbers correspond to units located closer to the water source. The background images
of pastures were generated by Google Gemini AL

At the start of each daily time step, MEMS 3.0 processes the management data for that day and
schedules it for each spatial unit. This includes calculating the animal distributions (described in the
next section), in which the number of animal units [1 animal unit (AU) = 500 kg of live weight [46]]
in each spatial unit is predicted daily in the model. At the end of each daily time step, the model
compiles the output values and generates separate output files for each spatial unit. Each spatial unit
functions as a 1D simulation for C, N, water, and heat flow calculations.

2.1.2. Grazing Management

We designed the model to simulate both LFR and HFR grazing management strategies. When
LEFR is selected, the model utilizes the SAVANNA model approach to calculate HSI, which is then
used to distribute the animals spatially across a field. In contrast, when the HFR method is selected,
the model dynamically moves the herd from one paddock to another in a field on a sub-daily basis
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for a user prescribed period, replicating common management practices such as the use of temporary
or virtual fencing to control herd movement.

2.1.2.1. Low Frequency Rotation

To represent the free ranging non-uniform grazing distribution of animals, which is common to
LFR and continuous grazing systems under typical defoliation intensity, the model uses a calculated
HSI to allocate animals across spatial units [25]. The HSI: for a given spatial unit i is

HSI; = Forage; X ForageQuality; X Water; X Min(Slope;, Shade;) 1)
where Foragei represents an index of the available forage amount. This index is determined by the
simulated total aboveground plant biomass in spatial unit i and user-input parameters, which are the
amount of biomass that is unavailable for grazing and the maximum fraction of biomass available for
grazing at each event. These parameters can be used individually or in combination to simulate
grazing management strategies. ForageQuality: is an index of forage quality, estimated by using the
simulated N content of the plant aboveground biomass, with higher %N representing higher quality.
While forage quantity and quality are dynamically estimated in the model daily, Wateri, Slopei, and
Shadei are three static input parameters for each spatial unit provided by users. Wateri is an index of
proximity to a drinking water source. In the SAVANNA model, the areas closest to the water source
were assigned a value of 1, and the value is linearly decreased to 0.2 for the furthest locations. In this
study, we used a non-linear relationship resulting from a Lévy walk animal movement model
derived from Global Positioning System (GPS) data of grazing livestock [16], which we describe
below in Section 2.3. As the experimental site used in this study features gentle slopes (average slope
of around 1-3%) and no shade, these two factors were considered negligible and therefore excluded
from the model simulations in this study.

The HSI is area-weighted and normalized, such that its sum across all spatial units equals 1. At
each timestep, animals are distributed proportionally to the HSI as follows:

AnimalDensity; = AnimalUnit,tq; X HSI;/Area; (2)
where AnimalDensityi is the AU per unit area in spatial unit i; AnimalUnit,,.,; is the total AU on the
landscape; Areai is the area of spatial unit 7.

2.1.2.2. High Frequency Rotation

The HFR grazing management approach in the model automatically moves the herd between
temporary paddocks within a pasture, with the sequence determined solely by the forage availability
in each spatial unit. This design aims to replicate the decision-making process commonly employed
in this type of herd movement management strategy. Specifically, it starts on a user-defined date,
with animals initially grazing in the spatial unit with the greatest forage availability. Animals
consume available forage in that unit first, and if their daily forage requirement is not met, grazing
continues in the unit with the second-highest forage availability, and so on, until the daily
requirement is satisfied. The same process is repeated each day until the user-defined end date.
Forage availability is determined in the same manner as in the LFR management. We set up the model
to require animals to move through all spatial units during a scheduled period when the animal
forage demand is significantly less than the available forage amount.

2.1.3. Trampling and Urine Scorching Effects on Plant Material

The effect of trampling and urine scorching on available plant forage [47] was added using the
method described in Vuichard et al. [29]. This approach simplifies the representation by combining
both trampling and scorching into a single process, where a fixed proportion of the aboveground
biomass is converted into soil surface litter. The default value for this conversion was set at 0.008 AU
ha [29].
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2.1.4. Other Model Improvements

Several other recent improvements were made to the MEMS model, including implementing
more robust soil water and solute transport modules. These improvements solve the mixed form of
the Richard equation using the modified Picard iteration method from Celia et al. [48] with the
improvement documented in Zha et al. [49]. The solute transport calculations (including dissolved
organic matter, ammonium, and nitrate) also use a Picard iteration method adopted from Bittelli et
al. [50]. The evaluation of this module can be found in Santos et al. [51].

2.2. Experimental Site Description and Data Used for Modeling
2.2.1. Field Data Description

To ensure realistic model predictions, model simulations were based on data collected at the
Noble Research Institute’s Coffey Ranch, located in Marietta, Oklahoma (33.9384° N, -97.219147° W,
and 257 m altitude). These data were part of a much larger project, referred to here as 3M, which was
designed to assess the impacts of cattle grazing management on multiple social, economic, and
ecological indicators [52]. Coffey Ranch is a humid subtropical native prairie rangeland site with a
mixed plant community (tallgrass savannah dominated by warm-season grasses). Records show it
was grazed by cattle with varying management strategies from 1950 to the experiment initiation in
2022 (no grazing from 2006 to 2018).

In 2022, the experiment was established at this site, using a split-plot design with three replicate
blocks (Figure S1). Each block was divided into two experimental grazing treatment plots of ~10 ha
each (grazable area). We refer to the three LFR grazing plots as L1, L2, and L3 and the HFR grazing
plots as H1, H2, and H3. The H1 and H2 plots have multiple drinking water troughs while the other
plots each have only one (Figure S1). In the LFR grazing treatment, the perimeter of each plot was
fenced to create a fixed-size pasture in which animals graze for a prescribed amount of time (3-10
days; Table S1). During each LEFR grazing event, animals were given unrestricted access to the entire
plot. In contrast, each HFR grazing plot was temporarily subdivided into smaller paddocks (0.4-1.2
ha) during each grazing event, and rotations among paddocks were based on forage availability. The
HEFR plots were subjected to greater stocking densities and shorter grazing periods than the LFR plots
(Table S1).

Soil samples were collected in 2022 at project baseline (prior to implementation of grazing
treatments) and analyzed for SOC, pH, texture, and bulk density (BD) at four depths (details in the
Supplemental Materials). Plant biomass and leaf area index (LAI) were taken every 28 days for three
growing seasons (2022 to 2024; details in the Supplemental Material).

Satellite imagery (10 m resolution) from Sentinel 2 [53] was utilized to calculate the Enhanced
Vegetation Index (EVI) [54], serving as a proxy for grass biomass and LAI changes resulting from
grazing. Imagery with cloud cover of less than 20% and dates within the active growing season (May
to September) were selected for analysis. The distance to the drinking water source for each pixel
within each treatment plot was calculated using scripts developed in R [55]. Pixels of the shrub areas
were excluded. To quantify the impact of grazing on plant biomass, we analyzed the EVI data
collected shortly before and after grazing events. The change in EVI (AEVI) was calculated by
subtracting the post-grazing EVI from the pre-grazing EVI for each pixel (an indicator of forage intake
and tramping). To develop a contrast for the grazing effect, the EVI value preceding the pre-grazing
EVI was also selected to calculate a A EVI value which was utilized to represent conditions without
grazing for each pixel.

2.3. Simulation Setup
2.3.1. Model Input Data
For model inputs, we used weather data from the gridMET database [56], and our measured soil

properties (i.e., texture, BD, and pH). Soil hydraulic parameters were estimated using the ROSETTA
pedotransfer model [57,58]. Management schedule files were prepared based on information
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obtained from experimental site managers. We excluded the non-grazable areas, such as shrub-
covered areas, in the simulation setup. The number of spatial units for each site was determined by
dividing the total area of each plot by approximately 0.3 ha. This value was chosen as it is the smallest
common denominator of the total size of each grazing plot that is computationally feasible for our
simulation framework. We ran a sensitivity analysis by changing the spatial unit size from 0.4 to 0.1
ha and did not observe any significant differences on the key output variables (data not shown).

To estimate the Wateri component of HSI, we leveraged animal-movement predictions from the
model developed by Romero-Ruiz et al. [16]. These researchers used GPS-collar data collected under
multiple grazing regimes to derive a Lévy-walk animal movement model, which was represented by
a Weibull probability density function (PDF) and a uniform PDF describing the step-length and
movement angle of grazing animals, respectively. This model was implemented in our study to
predict the visiting-frequency (number of times animals visit a given location during the grazing
period) of any location in the pasture as a function of its distance to the water source (assuming a
high-biomass scenario across the pasture, no shading and no slope effects). Because the output
exhibits a non-linear decline (a rapid initial decline that gradually levels off) in visit frequency with
increasing distance from water source, we first normalized the visit frequency values (scaling the
maximum to 1.0) and then fit a modified Weibull curve to capture the relationship. To map the Water:
onto our study site, we tessellated each pasture into regular hexagons using the sf package in R [59].
For each hexagon, we calculated its distance to the nearest water source and then applied our fitted
non-linear function to assign a Water: value.

2.3.2. Plant Parameterization

We used measurements from the literature, values from our previous research [39], and the
aboveground biomass and LAI data collected from the experiment to parameterize the plants for
model simulations. Because the MEMS model simulates one plant type at a time, we parameterized
a grass that represents the community average by capturing key functional traits of dominant species.
An assessment report of plant species conducted at the site was used to identify the most
representative species at the plot level. We then used literature-based plant physiological parameters
to set grass parameter ranges. We iteratively adjusted parameters manually to minimize the root
mean squared error (RMSE) for both biomass and LAI (final parameter values in Table. S3).

2.3.3. Model Initialization

The model was initialized by establishing an equilibrium SOC stock under historical native
grasslands for the region. Over a 4,000-year simulation period, the grasslands were assumed to be
lightly grazed to mimic the impact of wild herbivores [60], and fire events were incorporated every
four years [61]. After the equilibrium period simulation, we constructed a historical period of
livestock grazing management from 1950 to 2021 using the management information from the
experimental station, followed by the experimental period from 2022 to 2024. The calibrated plant
parameters were applied throughout the simulation period as we had no evidence of vegetation
change. We checked the model initialization by comparing simulated SOC and the measured data
collected at the beginning of the experiment (only baseline SOC data are currently available). The
model parameters related to SOC decomposition and formation were from a calibration described in
Santos et al. [51].

2.4. Projected Scenarios for the Modeling Exercise

To help us understand possible interactions between climate and management in this complex
grazing system, we created a series of scenarios from 2025 to 2055 with varying weather conditions,
grazing period patterns, and stocking rates in a full factorial design. As precipitation variability is a
key driver of grazing land dynamics [62], we designed the weather scenarios by incorporating three
distinct precipitation regimes, with each scenario represented by a single year of historical weather
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data (1980-2024) that was repeated throughout the simulation period. The selected years correspond
to dry (annual precipitation of 647.8 mm; around 30% lower than the historical average), average
(977.4 mm; closest to the historical average), and wet (1240.8 mm; around 30% more than the historical
average) conditions, respectively. The mean annual temperature was similar across these years (17.1,
17.0, and 17.7 °C, respectively).

Using field management data, we simplified commonly practiced grazing strategies to create
two distinct grazing schedule patterns: one with three grazing events [10 days each in spring from
day of year (DOY) 110 to 120, summer from DOY 200 to 210, and fall from DOY 290 to 300] and
another with two grazing events (15 days each in early summer from DOY 150 to 165 and early fall
from DOY 240 to 255). These grazing schedules do not cover all possible timing and duration
combinations but were created to demonstrate the interaction between grazing frequency and the
other factors in our study. For HFR, within each grazing event the herd was moved sub-daily using
an automated routine as described previously to mimic the setup of temporal fences. For LFR, the
herd was not moved daily, could freely access the whole pasture and were distributed based on the
previously described HSI. The stocking rates were set from 2-5 AU ha' and varied in 0.5 AU ha!
increments to assess grazing pressure. An additional simulation with only a hay harvest in late fall
was conducted to estimate the annual forage production, which was used to calculate the harvest
efficiency (HE; defined as total animal intake/annual forage production) across all scenarios [63].
Harvest efficiency is an effective metric to quantify grazing intensity. Smart et al. [64] studied grazing
systems in the Great Plains and reported average HE values of 38%, 24%, and 14% for heavy,
moderate, and light grazing intensities, respectively. For native grass pastures in the region of our
study site, a HE of approximately 25% is generally considered moderate grazing intensity [63]. While
there is no strict threshold for grazing intensities, we define light grazing as HE below 20%, moderate
grazing as HE between 20% and 30%, and heavy grazing as HE above 30%.

To reduce complexity and minimize confounding factors, we simulated these scenario
projections using the soil data and spatial unit configuration from experimental treatment plots.
Simulations were conducted using all LRF plots, but the results were similar, so only the findings
from the L1 plot are presented here. Spatial units were assigned continuous ID numbers ranging from
1 to 36. Units with lower ID numbers (e.g., 1, 2, 3) were located closer to the water source, while those
with larger ID numbers were located farther away.

2.5. Statistical Metrics

We calculated multiple statistical metrics to evaluate our plant parameterization and simulated
initial SOC stocks, including index of agreement (d), coefficient of determination (R2), root mean
square error (RMSE), and relative mean difference (RMD) (equations in Supplemental material). We
used R version 4.4.1 [55] for this analysis with the Metrics package [65].

3. Results

3.1. Plant Parameterization Performance

Measured LAI reached a peak of ~4 in the three observed experimental years (Figure 2),
indicating full canopy cover [66]. After calibrating the plant parameters against the measurements,
the simulated and measured values were well aligned, as indicated by the resulting performance
metrics (d = 0.79; R? = 0.41; RMSE = 0.69 m? m?2, RMD = 0.04). The model accurately represented
expected LAI response to both seasonality and grazing events, including the relatively sharp
decreases due to grazing events, mid-season peak, and subsequent gradual decline due to leaf
senescence and litterfall (Figure 2). The modeled aboveground biomass showed reasonable
agreement with field measurements (Figure 3), although the accuracy was lower compared to LAI
predictions (overall d = 0.67; R?=0.21; RMSE = 0.99 Mg ha'; RMD = 0.07).
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Figure 2. Measured (dots) and simulated (lines) leaf area index (LAI) for each treatment plot managed under
high frequency rotation (HFR; replicate plots H1-H3) and low frequency rotation (LFR; replicate plots L1-L3)
grazing, at the Coffey Ranch in south-central Oklahoma, USA. Gray shading indicates grazing events. Vertical

bars represent the standard deviation of the mean for measured values (n=9).
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Figure 3. Measured (dots) and simulated (lines) plant aboveground biomass for each treatment plot managed
under high frequency rotation (HFR; replicate plots H1-H3) and low frequency rotation (LFR; replicate plots L1-
L3) grazing, at the Coffey Ranch in south-central Oklahoma, USA. Gray shading indicates grazing events.

Vertical bars represent the standard deviation of the mean for measured values (n = 6).
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3.2. Comparison of Grazing Distribution Patterns from Remote Sensing

Remote sensing-based EVI data is an indicator of plant growth status and well correlated with
green LAI and biomass [67,68]. After filtering out imagery with cloud cover, we obtained EVI data
for three grazing periods, capturing values shortly before and after grazing events for the LFR plots.
These included one grazing event in the L1 plot (spring 2022) and two grazing events in the L3 plot
(summer 2023 and spring 2024). For the L1 plot, the AEVI (difference between pre- and post-grazing
EVI values) revealed a clear spatial trend, with lower AEVI values (higher difference) observed for
pixels closer to the water source (Figure 4). In contrast, the AEVI values with no grazing exhibited a
flat trend line, indicating no spatial pattern and a narrower distribution of points around zero. The
simulated ALAI for the same grazing periods closely resembled the spatial trend observed in the
AEVI data (Figure 4).
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Figure 4. Changes in vegetation indices and biomass with grazing as a function of distance to water for
experimental plots L1 and L3 across different periods. Panels (a-c) show the calculated Sentinel-2 delta Enhanced
Vegetation Index (AEVI) for two imagery dates prior to a grazing event: L1 (2022, DOY 149-139), L3 (2023, DOY
209-204), and L3 (2024, DOY 139-129). Panels (d-f) present MEMS 3.0-simulated delta Leaf Area Index (ALAI)
for the same dates and plots. Panels (g-i) illustrate the calculated Sentinel-2 AEVI for one imagery date pre-
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grazing and another post-grazing: L1 (2022, DOY 164-149), L3 (2023, DOY 229-209), and L3 (2024, DOY 159-
139). Panels (j-1) show MEMS 3.0-simulated ALAI for the same pre- and post-grazing dates. Panels (m-o) display
the simulated proportion of grazed biomass among the simulated spatial units for the grazing periods. All dates

are expressed as day of year (DOY). Color gradients in AEVI plots (a-c, g-i) represent the count of observations.

In the L3 plot, the grazing period during summer of 2023 showed a similar narrow distribution
of AEVI values before grazing, with no evident spatial pattern (Figure 4). However, the AEVI values
for pre- and post-grazing events displayed a less distinct spatial trend compared to the L1 plot. The
trend line for the AEVI values showed lower values near the water source (up to 200 meters) before
leveling off. The simulated ALAI for this period exhibited a comparable trend but was much more
flattened. For the spring grazing in 2024 within the L3 plot, the AEVI values for pre- and post-grazing
events displayed an even wider spread, although there is a similar general trend of lower values near
the water source. The simulated ALAI during this period responded to grazing in a consistent manner
with the observed AEVI trends, while the simulated ALAI for the no-grazing period remained
uniform across all points, regardless of the distance to the water source (Figure 4). The simulated
Abiomass had the same trend as simulated ALAI (data not shown).

3.3. Modeling Analysis

This section presents the modeled differences in plant productivity and SOC dynamics under
HFR and LFR grazing management strategies. By analyzing these simulations, we aim to provide
insights into the long-term sustainability of these management practices and their implications for
carbon sequestration and rangeland health.

3.3.1. Effect on Plant Productivity

In our modeling scenarios, the calculated HE, averaged across the entire pasture, ranged from
16% to 51%, which covered grazing intensities from light to heavy. The predicted yearly total net
primary productivity (NPP) of the pasture (averaged over all spatial units) responded to changes in
grazing intensity, grazing schedule patterns, and weather conditions (Figure 5).
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Figure 5. Simulated yearly net primary productivity (NPP) averaging over all spatial units, comparing the
impacts of three weather scenarios (simulations with repeated one year of weather for annual precipitation

representing average, wet, and dry conditions), seven stocking rate scenarios [2 to 5 AU ha™ with corresponding
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harvest efficiency (HE)], two schedule patterns (2 and 3 events in a year), and two grazing management types

[low frequency rotation (LFR) and high frequency rotation (HFR)].

Under average weather conditions, the NPP remained stable over time at light and moderate
grazing intensities (HE between 16% and 29%), with no significant differences observed between HFR
and LFR, regardless of grazing schedule patterns. However, at an HE of 33%, differences began to
emerge between HFR and LFR for scenarios with two grazing events. While HFR maintained long-
term NPP, LFR showed a substantial decline in productivity over the 30-year simulation period,
indicating degradation of pasture productivity. When HE increased to 37%, NPP under HER slightly
decreased, while NPP under LFR dropped rapidly within the first 10 years of simulation under the
two grazing events schedule. For three grazing events at 37% HE, NPP under LFR began to decline
more gradually. At an HE of 41%, NPP decreased under both grazing management strategies and
schedule patterns, suggesting that heavy grazing intensity leads to productivity losses regardless of
management strategies.

Under wet weather conditions, the NPP patterns closely resembled those observed under
average weather conditions (Figure 5). In contrast, under dry weather conditions, similar trends were
observed, but the threshold for productivity decline occurred at slightly lower grazing intensities
(Figure 5). Overall, scenarios with three grazing events exhibit a slightly higher HE threshold before
experiencing a rapid decline in productivity, indicating greater resilience to increased grazing
intensity.

Figure 6 illustrates the changes in productivity at the spatial unit level, taking HE of 25% and
33% as examples. Although field average NPP under HE of 25% was almost the same between
grazing frequencies, the spatial pattern of grazing impacts on NPP differed significantly between LFR
and HFR. Under LFR, spatial units closer to the water source exhibited lower productivity due to
higher grazing pressure. At 33% HE under LFR, degradation began in the spatial units nearest to the
water source and gradually spread to the rest of the pasture over time. In contrast, under HFR, plant
productivity remained relatively uniform across spatial units, with fluctuations appearing in a
random pattern across the entire pasture.
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two grazing events and average precipitation scenario. Smaller spatial ID numbers are located closer to the water

source, while those with larger spatial ID numbers are farther away.
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Figure 7. Simulated soil organic carbon (SOC) stock in the 0 - 30 cm soil depth averaging over all spatial units,
comparing the impacts of three weather scenarios (simulations with repeated one year of weather for annual
precipitation representing average, wet, and dry conditions), seven stocking rate scenarios [2 to 5 AU ha! with
corresponding harvest efficiency (HE)], two schedule patterns (2 and 3 events in a year), and two grazing
management types [low frequency rotation (LFR) and high frequency rotation (HFR)].

3.3.2. Effect on SOC

Our simulation performed well at capturing the average baseline SOC stocks across plots for
each soil depth (Figure S2), indicated by the low RMSE values of 6.87, 3.86, 3.07, and 7.89 Mg C ha!
at 0-15, 15-30, 30-50, and 50-100 cm depth, respectively. These baseline SOC stocks were measured
on soil samples collected in 2022, before the implementation of grazing treatments, and are therefore
the cumulative result of prior, historical management. Future research will further evaluate the
model’s accuracy in estimating the change in SOC stocks over time for the two treatments.
Regardless, the model simulates the baseline conditions with relatively low error.

Regarding the simulated scenarios, the model predicted distinct SOC dynamics for the two
management strategies in some of the simulated grazing scenarios. Under the average weather,
similar to yearly NPP, the modeled average (averaged over all spatial units) topsoil SOC stocks (0 to
30 cm) remained relatively stable or showed a slight decline over time under light and moderate
grazing intensities. Little or no differences were observed between HFR and LER for either grazing
schedule pattern at these intensities. However, as grazing intensity increased beyond moderate, SOC
stocks began to decline more rapidly. Significant differences between HFR and LFR emerged at
higher HE. At HE levels of 33% and 37% for two grazing events, and at 37% HE for three grazing
events, the model predicted notable divergence in SOC stocks with greater SOC stocks in the HFR
treatment. The largest difference in SOC was observed at the end of the 30-year simulation for the
37% HE scenario under two grazing events, where SOC stocks under LFR were 13.9 Mg C ha lower
(a 26.9% reduction) compared to HFR. Furthermore, the model indicated a trend suggesting that this
difference would continue to grow if the simulation were extended beyond 30 years. At highest
grazing intensity (41% HE), the difference between the two management strategies diminished, with
both HFR and LFR showing rapid SOC declines.

Under wet weather conditions, SOC dynamics followed a similar pattern to those under average
weather conditions, with slightly higher SOC values after 30 years of simulation for these scenarios.
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In contrast, under dry weather conditions, the model predicted a slow decline in SOC over time even
at light and moderate grazing intensities. Significant differences between HFR and LFR were
observed at higher grazing intensities, including scenarios with 31%, 36%, and 41% HE under two
grazing events, and 36%, 41%, and 46% HE under three grazing events. The largest difference was
observed at the end of 30 years for the 36% HE scenario under two grazing events, where SOC stocks
under LFR were 12.3 Mg C ha™ lower (a 22.7% reduction) compared to HFR. However, at the highest
intensity (51% HE), predicted SOC stocks converged and declined rapidly, with no difference
observed between management strategies. These patterns closely mirrored the NPP dynamics,
although the divergence in SOC stocks appeared later in the simulation compared to NPP changes.
In addition, trends in SOC for the subsoil (30 — 100 cm) were similar to the topsoil (Figure 54).

For the spatial patterns at the spatial unit level, a similar trend was observed for SOC as the
yearly NPP in the two example scenarios under average weather conditions with two grazing events
(Figure 6). Under LFR at moderate grazing intensity (25% HE), SOC in spatial units closer to the water
source exhibited a slight decline, while spatial units farther from the water source maintained
relatively stable SOC stocks. At higher grazing intensity (33% HE), where yearly NPP indicated
system degradation, SOC declined rapidly across all spatial units, with greater declines in units closer
to the water source. In contrast, under HFR, SOC remained uniform across spatial units, with only
minor losses over time.

4. Discussion
4.1. The Field Experiment Data

The field experiment provided detailed information on grazing management, extensive
measurements of plant and soil variables, and long-term historical management records. The
inclusion of replicated plots for grazing management treatments further enhanced the dataset’s
robustness, making it highly suitable for modeling plant-soil interactions. Using such a reliable
dataset ensures that our model was tuned with real data and accurately represents real-world
dynamics.

4.2. Plant Parameterization Performance

The MEMS 3.0 model predicted LAI and biomass with reasonable accuracy. Leaf area index is a
crucial plant indicator because it estimates the amount of light intercepted by the plant canopy, which
drives photosynthesis. It also influences water transpiration and soil evaporation, subsequently
affecting soil moisture and all moisture-dependent processes, making it a critical variable for model
calibration [66]. The ability to capture seasonal dynamics and grazing impacts suggests that the
calibration effectively represented ecological processes driving plant canopy dynamics.

However, the model showed weaker performance in predicting aboveground biomass. This
may be attributed to the fact that the model does not simulate the coexistence of multiple plant
species. Instead, a single set of plant parameter values was used to represent a mixed community of
grasses with diverse growth patterns. In monoculture systems, LAI and aboveground biomass are
typically strongly correlated [66]. Our previous study on monoculture Bahia grass demonstrated the
MEMS model’s strong predictive ability for aboveground biomass, achieving an R? of 0.72, which
supports this explanation. In contrast, we observed a much weaker relationship in the mixed grass
fields from our current study area (R? of 0.20). The diversity of species, along with their varying leaf
structures and biomass characteristics, likely contributed to the reduced correlation.

4.2. Comparison to the Grazing Distribution Pattern from Remote Sensing

Sentinel-2 provides high-resolution (10 m) data at a 5-day interval, making it highly suitable for
analyzing spatial vegetation dynamics. However, cloud cover often limits the usability of these data,
particularly in regions with frequent overcast conditions. Despite this challenge, our calculated AEVI
effectively revealed differences between grazing and non-grazing periods. For example, the flat
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distribution of AEVI values observed before grazing in these plots indicated no significant spatial
pattern. However, the wide spread of AEVI values in the spring of 2024 in the L3 plot was challenging
to interpret. This variability may be attributed to the diverse plant species present at the site,
including cool-season and warm-season grasses, which exhibit different growth dynamics during
May.

The grazing effect was particularly evident in the L1 plot in 2022 (Figure 4), where the AEVI
values demonstrated a clear spatial trend. The wider spread of AEVI values at similar distances to
the water source compared to the non-grazing period suggested significant heterogeneity of the
grazing distribution across the landscape. The two grazing periods in the L3 plot exhibited more
variability in AEV], likely influenced by additional factors affecting animal distribution, such as plant
species composition and their productivity, proximity to fences, and the abundance of weeds. These
spatial patterns align with the patchy structure commonly observed in grazing lands, which arises
from the natural heterogeneity of soil and plant communities, coupled with the selective grazing
behavior of animals [38]. However, it is important to note that the model does not account for all
these influencing factors. As a result, the simulated ALAI trends lack the variability or “noise” when
plotting them against distance to water source (Figure 4).

For the summer grazing in the L3 plot in 2023, the simulated ALAI exhibited a similar trend to
AEVI but appeared more flattened. This was due to the modeled senescence of green leaves caused
by drought conditions during the simulation. The spatial pattern of biomass intake by grazing
animals during this period showed clear differences (Figure 4), indicating that the flattening of model
predicted LAI was not solely a result of grazing but also influenced by environmental stressors.
Additionally, in the L3 plot, a specific area located between 200 and 300 meters from the water source
experienced heavier grazing than surrounding areas (low AEVI values in both years). This localized
grazing pressure may be explained by differences in biomass production, the presence of more
palatable grass species, or variations in soil properties that promote higher productivity.
Interestingly, while the L3 plot exhibited a wider spatial spread of AEVI values compared to the L1
plot, the overall range of AEVI values remained comparable between the two plots. This observation
suggests that while additional factors may influence the spatial distribution of grazing, they do not
significantly alter the overall field-average effect. This finding supports the modeling simplification
of incorporating only major factors, such as distance to water and forage availability, to capture the
general trends in grazing distribution effectively.

4.3. The Modeling Scenarios
4.3.1. Response of Plant Productivity

Our results indicate that pasture systems can sustain productivity under light and moderate
grazing intensities, with minimal differences between HFR and LFR. However, under heavy grazing
intensities (HE between30% and 40%), HFR demonstrated a greater ability to maintain productivity,
whereas LFR exhibited signs of degradation. At very high grazing intensities (above 40% HE), the
system showed signs of fast degradation, regardless of grazing rotation frequency or the scheduled
patterns of grazing.

These findings are supported by field studies that highlight the advantages of HFR under higher
grazing intensities. For example, Heitschmidt et al. [69] observed sustainable production with an
average HE of 42% over four years on a mixed native grass ranch in Texas using HFR. Similarly,
Teague et al. [12] found that HER resulted in significantly higher plant cover compared to continuous
grazing under heavy grazing intensities. Wang et al. [70] reported higher forage production in an
HFR-managed ranch compared to an LFR-managed ranch in Mississippi. Norton [71], after analyzing
multiple grazing trials, also concluded that HFR can offer substantial benefits for sustaining
productivity under heavy grazing pressure.

However, not all studies have found HFR to be superior to LFR or continuous grazing. Teague
et al. [38] suggested that differences in spatial and temporal scales, as well as variations in
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management practices across experiments, could explain the inconsistent findings. This hypothesis
aligns well with our modeling results. First, our simulations suggest that the differences between
HEFR and LFR (and potentially continuous grazing) only become apparent under specific grazing
intensities, particularly heavy grazing. Second, significant responses to grazing management may
take years to measurably impact the system, possibly due to the high natural heterogeneity of grazing
lands. Third, the size of grazing plots plays an important role. The plots in our study were sufficiently
large to observe non-uniform grazing distribution patterns, whereas smaller plots, as used in some
other experiments [38], may not allow grazing distribution to differ substantially between HFR and
LFR systems.

In terms of weather conditions, our simulations showed minimal differences in productivity
between wet and average weather scenarios. In the wet weather simulation, above-average rainfall
occurred primarily in May and June, followed by a dry summer, while rainfall in the average weather
scenario was more evenly distributed throughout the year. Despite higher annual precipitation in the
wet weather scenario, total production remained similar across both scenarios. However, the timing
of water stress differed in these scenarios. Under average weather, significant water stress was
simulated in August, whereas in the wet weather scenario, water stress was concentrated in
September and October. This suggests that the timing of precipitation and subsequent water stress
plays a critical role in determining productivity, even when total annual rainfall is higher.

Our simulations also highlighted the interaction between grazing schedule patterns, stocking
rate, rotation frequency, timing, and duration. For both HFR and LFR systems, production under two
grazing events declined at lower stocking rates, which may be attributed to the longer grazing
duration of each event. Extended grazing periods resulted in greater biomass removal, slowed
recovery rates, and triggered a cascade effect that hindered grass growth in subsequent periods. Since
grazing management schedules can be highly complex, our simulations emphasize the importance
of considering these interactions when designing grazing experiments, as they can significantly
impact productivity outcomes.

One key finding of our study is that uneven grazing distribution underlies the differences
between HFR and LFR. Our model focused on general trends in grazing distribution, highlighting
how uneven pressure under LFR impacts plant productivity. Similarly, Wang et al. [72] used an
empirical plant growth model to simulate uneven grazing distribution caused by selective grazing.
Their model incorporated two types of grasses—palatable and less-palatable —and accounted for
differential defoliation rates. At the commercial ranching scale, their simulations showed that HFR
grazing excels across a wide range of scenarios in terms of grass productivity, particularly under high
stocking rates. These findings align with our results, which demonstrate that uneven grazing
pressure under LFR and continuous grazing leads to reduced productivity compared to HFR, the
effect of which becomes more pronounced at certain range of higher grazing intensities. However, it
is important to note that their study was primarily a theoretical exploration and lacked spatially
explicit representation of real-world field conditions. Nonetheless, both studies underscore the
importance of addressing uneven grazing pressure when comparing grazing strategies.

The gradual changes in spatial distribution of plant productivity over time (Figure 6) observed
in our study further highlight the dynamic nature of grazing systems. These changes suggest that the
effects of uneven grazing distribution cannot be captured by a single 1D simulation or multiple
disconnected 1D simulations with prescribed grazing intensities. Grazing distribution is highly
dynamic at both daily and long-term scales, as demonstrated in our simulations. This underscores
the need for spatially explicit modeling approaches, as the one we demonstrated here using MEMS
3.0, which accounts for the evolving interactions between grazing pressure, plant productivity, and
SOC dynamics over time.
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4.3.2. Response of SOC and Implications for Experimental Design

Overall, our simulated SOC changes over time align well with findings from field studies. Light
and moderate grazing intensities were shown to sustain SOC levels, while heavy grazing generally
led to system degradation reflected by significant SOC loss—patterns that have been well-
documented in previous studies [2,12,73,74]. However, since we only have a single time-point
measurement of SOC, it was not possible to directly evaluate the simulated long-term trends. This
highlights the need for additional field data collected over extended periods to verify the model’s
predictions and improve its reliability.

Our simulations further highlight the critical role of grazing distribution in shaping SOC
dynamics. Under LFR management, uneven animal distribution concentrates grazing pressure in
preferred areas, particularly those closer to water sources. As grazing intensity increases, these
heavily grazed areas experience declining plant productivity, which subsequently leads to significant
SOC loss. The loss of SOC indicates a depletion of organic matter and essential nutrients, which
initiates a positive feedback loop where reduced plant productivity further exacerbates SOC
depletion (Figure 6). Over time, these overgrazed areas expand and become more contiguous across
the pasture, leading to widespread degradation of the system. In contrast, HFR promotes more
uniform grazing distribution, preventing localized overgrazing and enabling the system to sustain
higher overall grazing intensities before tipping into long-term decline. This finding aligns closely
with the hypothesis proposed by Teague et al. [38].

Our findings support a hypothesis that HFR can increase SOC by applying high stocking density
for short duration, with frequent animal movement among paddocks that promotes more uniform
grazing across the pasture. Experiments are needed to further evaluate these modelling results. Some
field studies suggest that HFR grazing management can support greater SOC storage than LFR
grazing [8,9,11,12], but there are other studies that report no significant effects [75,76]. As noted by
Teague et al. [38], inconsistencies in the results of existing studies may stem from differences in spatial
and temporal scales, as well as interactions with regulating factors such as climate, soil properties,
and vegetation composition. Specifically, as discussed earlier, plot size must be sufficiently large to
enable the development of uneven grazing distribution, which is a key factor driving differences
between grazing management strategies. Small plots may fail to capture the spatial heterogeneity of
grazing pressure, limiting the ability to observe differences between treatments. Long-term
monitoring (>10 years) is also essential to capture slow processes influencing SOC dynamics, which
require extended time frames to observe significant changes [77]. Additionally, our results suggest
that experimental designs should include high grazing intensities to better understand the thresholds
at which ecosystem degradation occurs and to identify differences between grazing strategies, such
as HFR and LFR, under stress conditions.

4.4. Model Limitations and Future Improvements

There are certain limitations in the dataset used for this study. Firstly, grazing intensity was
managed within a moderate range and was not included as a treatment variable, limiting the ability
to assess its effects across a wider range of intensities. Another limitation of the dataset is the current
lack of longitudinal SOC measurements, which are essential for evaluating the model’s predictions
on SOC changes over time. However, the dataset does include two years of eddy covariance tower
measurements from the study site, which were used to evaluate short-term net ecosystem exchange
(NEE) of C under these treatments using this version of MEMS model, as reported in Santos et al.
[51], with quantified model uncertainty. Furthermore, the model was evaluated for short-term NEE
using data from three additional grazing experiments within the 3M project, as described in Santos
etal. [51].

While our model successfully simulated general grazing distribution influenced by major
factors, such as distance to water, it was limited by simplifications in the model simulation
framework. These simplifications did not address all factors that significantly influence animal
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distribution, including heterogeneity in plant composition, social behaviors, and localized
environmental characteristics. These factors likely contributed to the observed spatial variability in
grazing patterns and plant responses, highlighting the necessity of incorporating more of the inherent
complexity of grazing systems in future modeling studies.

One particularly challenging aspect is the selective grazing behavior of ruminants, which creates
patchiness in the landscape and localized grazing distribution as they preferentially consume more
palatable species. Capturing this fine-scale heterogeneity in process-based models remains difficult,
primarily due to the lack of high-resolution soil and vegetation data required as inputs. Acquiring
such detailed measurements is often costly and logistically challenging, yet this level of input would
significantly enhance the accuracy of the simulated distribution of grazing across a field. Although
incorporating these additional factors and datasets would enhance the spatial accuracy of grazing
distribution predictions, it is important to note that such improvements may yield limited benefits
when focusing solely on field-average forage production and SOC dynamics. The general trends and
ranges of the effect are captured at the scale of the entire field by the main factors such as forage
amount/quality and distance to drinking water according to our study.

One of the primary limitations of our MEMS 3.0 model is its representation of the plant
community as a single species. Model parameters were fitted to reflect the overall growth of the plant
community rather than the dynamics of individual species. While this simplification is common in
ecosystem modeling (e.g., PaSim, DayCent, and APSIM) and often provides generally acceptable
results, it reduces the accuracy of predictions for overall biomass and LAI There have been attempts
to simulate species composition and competition on grazing lands in other studies: for example, the
SPUR rangeland model simulated multiple species [78] but was not accurate in predicting the
dynamics leading to variation in species composition. Regardless, this simplification limits MEMS
ability to fully capture the complex interactions between grazing management and plant growth
processes in ecosystems with high plant diversity. Future improvements to the model could focus on
simulating simplified plant communities composed of functional groups, such as C3 and C4 grasses
or legume (generally palatable and fix nitrogen) and non-legume plants.

Another limitation of the model is its inability to simulate lateral processes, such as surface water
runoff and associated soil erosion. These processes can play a significant role in shaping grazing
lands, particularly in areas with steep slopes or uneven terrain. As our spatially explicit
implementation does not currently account for lateral flows between spatial units, the model is not
suitable for fields where lateral water movement is a dominant factor. Future model development
will aim to address these processes, potentially by adapting lateral water routing methods from
established models such as the APEX model [79].

5. Conclusions

This study demonstrates the utility of process-based ecosystem modeling for understanding the
interactions between grazing management, plant dynamics, and SOC storage. We incorporated
spatially explicit grazing distribution into the MEMS ecosystem model and used distance to water as
the primary factor influencing grazing patterns in the experimental fields. The simulated grazing
distribution closely aligned with general patterns observed in satellite imagery, supporting the
model’s ability to capture realistic grazing dynamics.

Using the new MEMS model, we found that light and moderate grazing intensities generally
sustain forage production and SOC, while very high grazing intensity could lead to rapid
degradation at this site. High-frequency rotation mitigates localized overgrazing and supports higher
grazing intensities compared to LFR, although degradation occurs at very high intensities under both
strategies. Uneven grazing distribution was identified as a critical factor driving reduced
productivity and SOC loss under LFR, underscoring the role of spatial heterogeneity in shaping
grazing system outcomes.
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These results underscore the limitations of existing process-based models, which often assume
uniform grazing and fail to incorporate the nuanced effects of selective grazing behavior and
landscape heterogeneity. While such models have been used for large-scale simulations to inform
grazing management decisions, our findings suggest their predictions may be biased without
accounting for spatial grazing dynamics. Field research is urgently needed to evaluate these
predictions and ensure that models are reliable tools for regional and global carbon management.
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