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ABSTRACT: Soil organic carbon (SOC) sequestration in croplands represents a significant 
opportunity to mitigate climate change by removing carbon dioxide from the atmosphere. 
Simulation tools are increasingly used to assess the impact of climate change and soil 
management on soil organic carbon stock dynamics. Although Andean soils typically store 
large amounts of organic carbon, agricultural practices, especially plowing, may deplete 
these stocks, creating a need to understand these dynamics better. Here, we show the 
soil organic carbon sequestration potential in croplands in the Peruvian Andean region 
over 50 years. Soil organic carbon content and bulk density were spatially predicted 
across the study area using 100 georeferenced soil samples to quantify organic carbon 
stocks. Spatial interpolation was performed using Ordinary Kriging with exponential 
and spherical variogram models, which provided the best fit to the data. The RothC 
model was used to simulate changes in soil organic carbon stocks under two contrasting 
agricultural management scenarios: one without manure application and another with 
annual application of one ton of manure per hectare. We found that manure application 
can substantially increase soil organic carbon sequestration in croplands with increases 
ranging from 105.22 to 214.94 Mg ha-¹ over 50 years. The potential for increased carbon 
sequestration through manure application could help compensate for losses in other areas 
of the watershed, particularly grasslands (74.4 % of the area). This study contributes 
valuable information for developing sustainable land management strategies in Andean 
agroecosystems.
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INTRODUCTION
Soil is a natural body that possesses a significant capacity to store atmospheric carbon 
in organic forms, thereby serving as a means to mitigate climate change (McBratney et 
al., 2014). Soil organic carbon (SOC) determines soil health and fertility, is highly related 
to vegetation productivity, and improves soil structure by increasing water holding 
capacity and soil nutrients. Soil contains up to 3 times more SOC than the atmosphere 
and vegetation, and a change in soil carbon sequestration rate drastically impacts the 
carbon cycle and climate regulation (Ramesh et al., 2019). The initiative “4 per 1000” 
shows that an annual growth rate of 0.4 % of global soil organic carbon stocks would 
potentially stabilize the increase in atmospheric CO2 (Rumpel et al., 2020).

Agriculture is an activity that leads to soil degradation; more than 50 % of agricultural 
soils are moderately or highly degraded (Nachshon, 2020). Soil formation process 
is slow, and technically, they are non-renewable, but soil fertility can be restored by 
rebuilding the organic carbon concentrations in the remaining topsoil (Bradford et al., 
2019). Establishing a recalcitrant soil organic carbon pool by implementing effective 
agricultural practices for long-term sequestration can potentially sequester 80–130 GT 
of carbon (Siddique et al., 2024). Under the climate change scenario, increasing soil 
organic carbon stock in croplands is a considerable challenge; before considering the 
accumulation of organic carbon, it is crucial to address the losses of soil organic carbon 
that have occurred (Riggers et al., 2021). Therefore, monitoring SOC requires mapping 
the content of the target area and performing future estimations.

Geostatistical methods and machine learning are widely used to map soil properties 
based on satellite information (Mousavi et al., 2023). Time prediction models, such as 
RothC, are used to estimate changes over specific periods (Lin et al., 2024). These tools 
were used to estimate a carbon sequestration potential of 2.13 kg m-2 in the top 0.20 m  
of croplands in China (Wang et al., 2023). Studies indicate that Andean soils respond 
positively to management practices like fallow, crop rotation, and terraces (Alavi-Murillo 
et al., 2022). Despite existing research on the spatial distribution of soil organic carbon 
in the South American Andes (Canaza et al., 2023), a significant knowledge gap remains 
regarding temporal SOC dynamics. Existing Andean region studies addressing this issue 
are limited to the tropical zone (Diaz et al., 2023; Avadí, 2023) and thus do not apply to 
high-altitude agroecosystems.

To address this knowledge gap and understand the spatial and temporal changes in soil 
organic carbon sequestration in Andean agroecosystem, we proposed to estimate SOC 
stocks in the Upper Mantaro Basin and model the evolution of carbon sequestration as 
a function of agricultural management and climate change.

MATERIALS AND METHODS

Description of study area

The Alto Mantaro sub-basin is located in the Peruvian Andes (11° 46’ 40” S, 75° 26’ 40” W,  
WGS84) and covers approximately 2,114.82 km2 (Figure 1), with elevations between 3,186 
and 5,141 m above sea level. According to the Thornthwaite climate classification map 
of Peru (Castro et al., 2021), the lower zones boast a semi-dry and temperate climate 
characterized by consistent humidity throughout the year. Once the altitude surpasses 
4,500 m a.s.l., the climate shifts to a rainy and cold one, and there is a lack of humidity 
during the autumn and winter months. Sub-basin encompasses the Mantaro Valley, an 
important agricultural area in the Junín region of Peru, with croplands between 3,000 
to 3,400 m a.s.l. on the alluvial terraces along the Mantaro River in the provinces of 
Jauja, Huancayo, Concepción, and Chupaca (Cuellar-Bautista and Medina-Hinostroza, 
2009). According to the World Reference Base for Soil Resources (IUSS Working Group 
WRB, 2007), the study area was dominated in order of extension by Cambisols, Luvisols, 
Phaeozems, and Andosols soil classes.
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Soil sampling and analysis

Sampling points were selected using a conditioned Latin hypercube (cLHS) algorithm 
that generated 100 sampling points (Figure 1). The cLHS method is a stratified random 
procedure that selects samples based on the covariate distributions. It uses an optimization 
routine, minimizing an energy function that describes how well the candidate sampling 
scheme represents a Latin hypercube of covariate distributions (Roudier et al., 2012). 
We acquired the generation of points by employing the clhs package in R (Roudier, 
2011); they are supported by the raster (Hijmans, 2024) and rgdal (Bivand et al., 2023) 
packages. The clhs package enabled us to have flexibility in sampling location by utilizing 
the “similarity_buffer” function to compute the Gower similarity index (Gower, 1971). 
As a data source, we considered incorporating a set of covariates generated with the 
support of the SAGA tools (Conrad et al., 2015) and Google Earth Engine (GEE).

A disrupted sample was obtained from 0 to 0.30 m depth at every sampling location, 
and an undisturbed sample at a depth of 0.15 m using a metallic cylinder. Laboratory 
analyses were performed in the Soil, Water, and Foliar Laboratory (LABSAF) of the La 
Molina Agrarian Experimental Station (EEA). Soil organic carbon (SOC) was determined 
by dry combustion (ISO, 1996) using an elementary analyzer LECO CN828 (Leco Corp., 
St. Joseph. MI, USA), and dry bulk density (BD) was determined using the core method 
(ISO, 2017).

Soil mapping

Inside the Python ecosystem, we used a geostatistical approach to map soil properties, 
such as bulk density (BD) and soil organic carbon (SOC). They are evaluated with power, 

Figure 1. Soil sampling distribution and location of the Mantaro basin. Landcover (colored surface) and hydrology (blue lines) are 
shown within the geographic boundaries.
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gaussian, spherical, and exponential models using the Pykrige library (Murphy, 2024) in 
Python language version 3.12.3 (Van Rossum and Drake Jr, 1995). We chose the variogram 
models mentioned, considering the root mean square error (RMSE) and coefficient of 
determination (R2) metric values implemented in code with “sklearn.metrics” module 
from the scikit-learn library (Pedregosa et al., 2011). Surface maps were interpolated 
utilizing Ordinary Kriging (OK) to generate raster maps with a pixel size of 100 m.

Description of soil modeling with RothC

Prediction of soil carbon sequestration scenarios was carried out with the RothC model 
(Coleman and Jenkinson, 1996) executed by the SoilR package (Sierra et al., 2014) in R 
software version 4.2.3 (R Development Core Team, 2023). RothC is a Soil Organic Matter 
(SOM) turnover model and was developed to simulate changes in SOC stocks in arable 
topsoils from the Rothamsted Long-term Field Experiments in the UK (Zimmermann et 
al., 2007); the model includes the effects of soil type, temperature, moisture content, 
and plant cover, with a monthly time step (FAO, 2022).

Soil and climate inputs

Initial soil organic carbon stock (STOCK) was calculated using equation 1, in which soil 
mass was determined by multiplying soil volume (10,000 m2 × 0.30 m depth) by bulk 
density (BD), and then STOCK was derived using soil organic carbon content (SOC).

STOCK (Mg ha-1) = 3000 × BD × SOC Eq. 1

A list of raster layers conforms to part of the input requirements of the model, 
monthly averages of climatic variables like temperature, precipitation, and potential 
evapotranspiration (ET), the two first we get from WorldClim 2 database (Fick and Hijmans, 
2017) and ET from Version 3 of the Global Aridity Index and Potential Evapotranspiration 
Database based upon the FAO Penman-Monteith Reference Evapotranspiration equation 
(Zomer et al., 2022), besides variables like percent clay content from Soilgrids system 
at 250 m resolution (Hengl et al., 2017) and annual litter inputs; for the last one, we 
used net primary production (NPP) get from MODIS images database (Running and Zhao, 
2021) at 500 m pixel resolution, accessing data with the support of Google Earth Engine 
(GEE) platform. Another input requirement indicated in centimeter units is soil thickness, 
assuming it is an organic layer of topsoil.

Land cover and soil management data

The ESA WorldCover 2021 v200 product (Zanaga et al., 2022) was considered for a 
spatial modeling approach to identify land use management data. It was then aligned 
with their Land Cover classes aggregation and reclassification scheme to FAO land cover 
classes and default decomposable to resistant plant material ratios (RT) (FAO, 2022). In 
this case, the values of the land cover classes existing in the area of study provided to 
the model are shown in table 1.

Modeling future conditions and climate effects

With the model in the R language, we run simulations every ten years to reach 50 years. 
We create a vector of time steps corresponding to monthly times to run the simulation. 
Evaluating the effects of climate on decomposition was calculated using functions of 
the SoilR package, like “fT.RothC” for temperature effects and “fW.RothC” for moisture 
effects, both per month time periods (Sierra et al., 2014). Moisture model was set using 
potential evapotranspiration (pE = 1) and under vegetation conditions (bare = FALSE).
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Initial soil organic matter pools

Model incorporates five soil organic matter pools: decomposable plant material (DPM), 
resistant plant material (RPM), microbial biomass (BIO), humified organic matter (HUM), 
and inert organic matter (IOM). The IOM pool, assumed to remain constant over time, 
was estimated using the model proposed by Falloon et al. (1998). The RPM, HUM, and 
BIOM pools were estimated using the models of Weihermüller et al. (2013). Computation 
of carbon allocation in each pool is determined by the amount of clay, except for IOM, 
as shown in the following equations 2, 3, 4 and 5.

RPM = (0.184 · SOC + 0.1555) · (clay + 1.275)-0.1158 Eq. 2

BIO = (0.015 · SOC+ 0.0075) · (clay+ 8.8473)0.0567 Eq. 3

HUM = (0.7148 · SOC+ 0.5069) · (clay+ 0.3421)0.0184 Eq. 4

IOM = 0.049 · SOC1.139 Eq. 5

Finally, the DPM pool was calculated as shown in equation 6 by subtracting the sum 
of the other pools from the initial STOCK (Sierra and Müller, 2015). In cases where this 
resulted in a negative value, the DPM was set to 0.

DPM = SOC− (IOM+ RPM+ HUM+ BIO) Eq. 6

Special conditions for the model RothC

To generate a SoilR Model object, we need to use the “RothCModel” function and provide 
the previously mentioned inputs. Once the model is initialized, we can solve the object 
to calculate the SOC stocks for each pool. To successfully complete this task, we must 
execute a loop iterative function on every pixel within the raster layers. Then, the RothC 
model was changed to simulate specific conditions only on cropland cover, assuming 
the inclusion of Farm Yard Manure (FYM) inputs at a rate of 1 Mg ha-1.

Table 1. Decomposable-to-Resistant Plant Material (DPM/RPM) Ratios for RothC Model 
Parameterization, sourced from Global Soil Carbon Datasets (FAO, 2022)

ESA Land Cover Class RT(1)
10 Tree cover
20 Shrubland
30 Grassland
40 Cropland
50 Built-up
60 Bare/sparse vegetation
70 Snow and ice
80 Permanent water bodies
90 Herbaceous wetland

0.25
0.67
0.67
1.44
0.01
0.67
0.01
0.01
1.44

(1) Ratio of Default Decomposable Material (DPM) and Resistant Plant Material (RPM).
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RESULTS

Data description

Some descriptive statistics of RothC input variables, like minimum, maximum, mean, 
standard deviation, and coefficient of variability, for soil organic carbon, bulk density, 
temperature, precipitation, clay content, potential evapotranspiration, and net primary 
production are presented in table 2. Climatic variables and clay content exhibit low 
variability (CV <15 %) or uniformity. Bulk density and NPP show low-to-moderate variability 
(15 % < CV < 20 %), reflecting latent variability. SOC shows wide variability, showing 
considerable heterogeneity among high Andean croplands.

Soil mapping

Exponential and spherical models were the best fit for soil organic carbon and bulk 
density. A detailed description of variogram parameters can be found in table 3. The 
proportion of space-dependent variance was greater for SOC (0.74) than for BD (0.41), 
however, both models had a good fit to the data (R2 >0.50), and the prediction errors 
(RMSE) were small based on the scale of each variable. Soil organic carbon (30 km) and 
BD (13 km) range were greater than 10 km, considering the area of the study zone, the 
spatial structure of both variables is long range.

Spatial distribution of SOC and BD is depicted in figure 2, along with their variance values 
for both predicted results. Coefficient of variation maps enable the visualization of similar 
uncertainty patterns. High predicted SOC values are observed in the southeast, with 
the lowest values found in the flat zones. In contrast, the behavior of Bd values in these 
zones is opposite, with the highest values observed.

Table 2. Summary statistics of RothC input variables: Temperature (Tmp), Precipitation (Prep), 
Clay, Potential evapotranspiration (ETo), Bulk density (BD), Net Primary Production (NPP), and Soil 
Organic Carbon (SOC)

Variable Mean SD Min Max CV
%

Tmp (°C) 9.72 1.07 6.89 11.44 11.00
Prep (mm) 65.12 5.56 56.28 77.41 08.54
Clay (%) 30.77 1.59 25.25 32.62 05.17
ETo (mm) 115.61 3.69 104.29 120.91 03.19
BD (Mg m-3) 1.20 0.18 0.80 1.57 16.07
NPP (kg m-2) 4.65 0.92 1.95 6.38 19.78
SOC (%) 2.79 1.82 0.61 8.14 65.23/

SD: standard deviation; Min: minimum; Max: maximum; CV: coefficient of variation.

Table 3. Parameters of the variogram model: nugget (C0), sill (C0+C), range (Ra) in meters, 
proportion of spatial variability (PSV), coefficient of determination (R2), and root mean square 
error (RMSE) are presented. PSV was calculated as C/(C0+C)

Soil property Model C0 C0+C Ra PSV R2 RMSE
Soil organic 
carbon Exponential 1.33 5.03 30664 0.74 0.82 0.89

Bulk density Spherical 0.02 0.03 13503 0.41 0.53 0.12
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Soil carbon stock sequestration forecasting

Processed data from a soil carbon model, such as RothC, is used to illustrate the spatial 
distribution of projected changes in accumulated pool values over a 50-year period 
(Figure 3). Initially, the southeastern area of the basin exhibits high values and coincides 
with areas where the highest altitudes occur, but as the simulation progresses, there 
is a noticeable drop in the average outcomes at the whole basin level. The main land 
cover categories were examined in table 4, revealing high values in grassland and sparse 
vegetation initially, in contrast to cropland and tree cover. As time advances, there is a 
gradual decrease in grass and sparse vegetation, while cropland and tree cover remain 
with slight changes.

Incorporating 1 Mg of manure into the cropland resulted in a gradual and consistent 
increase in the simulation results over the evaluated period. Data in table 4 shows a 
significant rise in profit values, reaching up to 100 Mg per hectare approximately after 
the simulation of the initial 10-year period. Following this, there is a steady increment 
of around 3 Mg every 10 years. The findings show that by applying 1 ton, the losses of 
organic carbon in grassland can be mitigated, as losses are observed within the range 
of 11 tons during this timeframe. We appreciate that the size of grassland areas is 
significantly greater than that of cropland areas.

Figure 2. Spatial distribution maps using Ordinary Kriging (OK) interpolation method: (a) soil organic carbon (SOC); (b) coefficient 
of variation of SOC; (c) bulk density (BD); and (d) coefficient of variation of BD.
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To determine the benefits of incorporating 1 Mg of manure, we calculated ratios by dividing 
the values obtained from the model simulation by the values without application when 
the application occurs. Spatial distribution of ratio values in the basin facilitates the 
identification of the specific areas with the highest levels of positive changes (Figure 4). 
After tabulating data from raster maps, a comprehensive statistical summary highlights 
a significant 24 percent profit growth in the last year assessed. It reveals a continuous 
upward trend in mean values, with a constant growth range of 1 to 2 percent.

Figure 3. Spatial distribution of soil carbon stock using the RothC model for (a) 10 years; (b) 20 years; (c) 30 years; (d) 40 years; 
(e) 50 years; and (f) Digital elevation model (DEM).

Table 4. Soil organic carbon stock in different land cover

Land cover Area
Years

0 10 20 30 40 50
% Mg ha-1

Tree cover 10909 (5.1) 112.19 119.44 120.60 120.65 120.49 120.30
Grassland 157379 (74.4) 149.62 147.74 144.89 142.36 140.06 137.94
Bare/sparse vegetation 4243 (2.0) 177.16 173.02 168.56 164.91 161.72 158.81
Cropland

38843 (18.5)
101.53 104.66 105.10 105.19 105.21 105.22

Cropland + Manure 101.53 204.53 208.83 211.29 213.23 214.94
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DISCUSSION
All soil samples were classified as mineral materials (Soil Survey Staff, 2022), with 
organic carbon contents less than 12 %. Carbon sequestration capacity of mineral soils 
is based on the organic-mineral association, where carbon is sorbed onto the surface 
of clay minerals (Rodríguez-Albarracín et al., 2023). The high-altitude Peruvian Andean 
Cordillera is characterized by high accumulations of organic carbon, and the clay fraction 
is predominantly composed of kaolinite, quartz, and illite minerals (Lama-Isminio et 
al., 2024). The high clay content observed in our study (Table 2) suggests significant 
potential for carbon sequestration. Soil organic carbon typically exhibits an aggregated 
spatial distribution and can be effectively modeled using geostatistical techniques (Han 
et al., 2010). Compared to other studies (Chabala et al., 2017; Zhang et al., 2021), the 
spatial structure of soil organic carbon in our study is more extensive, with hotspots of 
high concentration located in the central region.

RothC model is widely used in predicting SOC changes and has been implemented in 
multiple programming languages, such as C++ (Dechow et al., 2019), Python (Coleman 
et al., 2024), and R (Sierra et al., 2014). By utilizing the SoilR package in R, we can 
merge soil, climate, and remote sensing datasets to estimate changes in soil organic 

Figure 4. Spatial distribution of variation rates after applying 1 Mg of manure for (a) 10 years, (b) 20 years, (c) 30 years, (d) 40 
years, and (e) 50 years in cropland areas.
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carbon stocks over different timeframes and environmental situations. Soil organic 
carbon rates over 45 years increased from 0.1 to 2.6 Mg ha-1 yr-1 with transitioning 
from traditional tillage to conservation one (González-Molina et al., 2017), for 30 years 
with different slope gradients and land types, showing higher SOC in grass/fallow land 
than cultivated land and plantation forest (Geremew et al., 2024). Other studies have 
shown that SOC values were higher in natural and mixed forest land use (Amanuel 
et al., 2018). Using the RothC model, we identified areas with sparse vegetation that 
exhibited permanently high SOC values during the 50 years projected, prompting us to 
assess terrain conditions characterized by high elevations and steep slopes (Figure 3).  
The estimated extent of the bare-sparse area is much smaller than the uncertainty 
associated with the ESA 2021 Land Cover product (Zanaga et al., 2022), which raises 
doubts about the accuracy of this data for determining coverage. It is suggested that 
the coverage be expanded to include a larger area of the surrounding land.

Despite limitations like its exclusion of soil pH effects on soil carbon, limitations in 
waterlogged conditions (Geremew et al., 2024), and uses total C inputs instead of 
differentiating between above- and below-ground inputs (Nemo et al., 2017), the RothC 
model demonstrates considerable predictive power. Local calibration efforts have only 
marginally improved its accuracy, increasing it from 78 to 98 % (Jebari et al., 2021), 
demonstrating the model's inherent strength and robustness even in its unmodified form. 
This is particularly critical given the severely limited investment in science within the 
Andean region (Valdez et al., 2024). This scarcity of funding hinders the implementation 
of long-term research initiatives required to calibrate RothC, especially in geographically 
challenging areas like the Peruvian Andes. A comparison of RothC estimates for 2023 
with limited data from 1975 revealed no statistically significant differences. While this 
concordance suggests some degree of reliability for RothC estimates in the area, the 
limited number of historical data points warrants caution in extrapolating these findings.

Rotch model has demonstrated that soil carbon losses increase under climate change 
scenarios (Xu et al., 2011). Soil management and conservation practices focused on 
improving soil structure and applying organic matter can restore degradation and 
increase soil carbon stocks (Chatterjee et al., 2021). While manure applications between 
7 (Justo and Otiniano, 2021) and 20 Mg ha-1 (Chirinos-Peinado et al., 2020) have been 
shown to improve agricultural production in Peruvian soils, and RothC simulations 
suggest that an average application of 9 Mg ha-1 can offset carbon losses (Kaushal et 
al., 2023). The Mantaro Valley has monetary poverty levels that rise to 30.4 % (Aliaga 
et al., 2022), and the agricultural population of Peru that applies adequate doses of 
manure amounts to only 25.18 % of the total agricultural units (Instituto Nacional de 
Estadística e Informática - INEI, 2012). This reality makes it impossible for farmers in the 
study zone to apply amounts of manure between 7 to 20 Mg ha-1. Our results show that 
over a 50-year period, doses of 1 Mg per hectare of manure application offset carbon 
losses from grassland and bare-sparse land (Table 4), and when observing the spatial 
distribution of their ratios, there is a notable increase as the simulation progresses in 
time (Figure 4).

Potatoes are a major crop in the Mantaro Valley, with production costs ranging from 
3000 to 4000 USD, per agricultural campaign (Galarza, 2020). Utilizing a single Mg of 
manure, with costs ranging from $ 100 to $ 270, constitutes less than 10 % of the overall 
agricultural campaign costs, yet it promotes enhanced crop yields (Otieno and Mageto, 
2021). Product availability is not a limiting factor, given the substantial population 
of bovine, sheep, alpaca, and swine producers (Instituto Nacional de Estadística e 
Informática - INEI, 2012) distributed uniformly across the study area. To facilitate the 
adoption of these sustainable practices, it is crucial for local government agencies 
to actively engage with and empower farmers, enabling them to achieve low-carbon 
agriculture while maintaining adequate yields.
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CONCLUSIONS
The study employed the RothC model to evaluate soil carbon storage in Andean croplands, 
revealing that applying 1 Mg of manure can increase carbon storage by up to 24 % 
over a 50-year period. This serves as a crucial reference for future projects focused on 
enhancing sustainable land management practices for Andean agriculture, particularly 
regarding soil health and carbon sequestration.

Using manure on croplands can offset the loss of soil organic carbon in other areas, 
like grasslands, and increase carbon sequestration. Taking this integrated approach is 
important for managing carbon across the entire basin.

RothC model in one R programming language environment using SoilR package, join to 
use geostatistical techniques, establishes a solid framework for future studies on soil 
organic carbon in similar environments.

This study positively addressed the existing knowledge gap regarding SOC dynamics in 
the understudied Peruvian Andean region, opening the possibility that further research 
could explore the economic and practical feasibility of manure application at different 
scale approach, as well as other potential management practices.
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