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Preface 

No formal approvals were required to conduct this research. This study contributes to the 

ongoing discussion in soil erosion modeling, a field where empirical and physical approaches 

both bring valuable insights, yet debate persists about which approach better serves specific 

contexts. Despite the global use of popular models such as the Universal Soil Loss Equation 

(RUSLE) and Water Erosion Prediction Project (WEPP), our ability to accurately predict soil 

erosion is still elusive and this question remains unresolved, keeping soil erosion modeling 

as relevant as ever. This thesis provides a structured methodology aimed at calibrating and 

validating these widely used models, creating a practical framework for future research. 

The novelty of this study lies in its focus on predicting erosion and sediment yield with 

limited local data, which contrasts with existing research that often centers on gaged sites. 

The approach constrained by data availability significantly augments the practical 

applicability of the developed methodologies, thereby providing a valuable resource for 

regions with similar data limitations. I acknowledge the contributions of collaborators and 

co-authors to this research endeavor, while my primary responsibilities encompassed 

securing funding, executing experiments, and conducting the analysis. 
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Abstract 

Soil erosion is a pressing environmental issue, accelerated by agricultural practices and 

climate variability, and it poses significant challenges to land productivity and water quality. 

This thesis investigates soil erosion processes and sediment yield modeling at both hillslope 

and watershed scales in an arid region of north-central Mexico, using empirical and physical 

modeling approaches to guide conservation strategies. Three comprehensive studies were 

undertaken to assess the impact of tillage practices, soil moisture conditions, and the 

appropriateness of models for estimating erosion. 

The first study assessed the impacts of tillage systems and antecedent soil moisture conditions 

on erosion and runoff under high intensity simulated rainfall. The findings demonstrated that 

conservation-oriented practices, such as crop residue cover and no-till methods, effectively 

mitigate erosion and runoff, particularly in conditions characterized by dry soil. The 

subsequent study compared the Revised Universal Soil Loss Equation (RUSLE) and the 

Water Erosion Prediction Project (WEPP) models to ascertain the most efficacious approach 

for predicting erosion on agricultural hillslopes. RUSLE exhibited superior performance 

compared to WEPP in capturing erosion trends across various treatments, indicating its 

appropriateness for regional conditions; however, WEPP yielded valuable insights in specific 

scenarios involving conventional tillage. 

The last study expanded the modeling of sediment yield to encompass the watershed scale 

by employing the Modified Universal Soil Loss Equation (MUSLE) with its parameters 

sourced from hillslope assessments. An approach utilizing daily water balance, which 

integrates Actual Evapotranspiration (AET), enabled the model to account for variations in 

soil moisture, thereby elucidating a nonlinear association between precipitation and sediment 
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yield. This association demonstrated that sediment yield initially increases to a maximum 

before attenuating during episodes of extreme rainfall. Despite MUSLE's capability to 

accurately reflect sediment dynamics, it exhibited a tendency to overestimate sediment yield 

in the context of intense rainfall events, underscoring the necessity for advanced modeling 

approaches in semi-arid regions. 

This research advances erosion modeling by demonstrating the importance of context-

specific model calibration, conservation practices, and the integration of soil moisture 

dynamics to improve sediment yield predictions. These findings offer practical insights for 

soil and water conservation in semi-arid environments and contribute valuable data to guide 

erosion management in similar landscapes. 
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CHAPTER 1.  Introduction 

1.1. Background 

Soil water erosion is the process by which raindrops cause soil detachment and subsequent 

transport by runoff. It eventually promotes soil deposition elsewhere in the landscape. Soil 

erosion is a natural process, but it may be exacerbated by anthropogenic activities such as 

agriculture, construction, mining, etc.  

There are negative and positive effects caused by soil erosion. The zones of long-term soil 

accumulation are usually the most fertile lands while the eroded zones have lower fertility and 

capacity for supporting life. The soil accumulation also alters fish spawning areas and promotes 

pollution of waterways with agrochemicals. With regard to eroded areas, the soil productivity 

decreases because the removal of the upper layer, which contains the highest organic matter 

content, and the decrement of root growth as the soil layers get thinner. Soil erosion also affects 

the capture and release of greenhouse gases, but the amount of gas involved is still unknown 

(FAO, 2019).  

Globally, soil losses due to water erosion are estimated at 20-30 Gt yr-1. A typical erosion rate 

is 10-20 t ha-1 yr-1 in hilly croplands under conventional agriculture and temperate climate, 50-

100 t ha-1 yr-1 in tropical and subtropical zones (FAO and ITPS, 2015). Economic losses related 

to soil erosion were estimated to be around $44 billion each year in the U.S. (Pimentel et al., 

1995). In the European Union, the agricultural lands with severe erosion lose 0.43% of their 

crop productivity annually. The annual cost of such reduction is  EUR 1.25 billion (Panagos et 

al., 2018). These losses were calculated by summing income losses resulting from lower 

production and cost increments due to the replacement of nutrients lost by fertilizers (FAO, 

2019). 

In the United States, soil erosion investigations started in the 1930s after farmers noticed yield 

depletion on their most valuable crops, corn and cotton (Bennett, 1931). Fertilizer application 
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increased rapidly in the 1940s as farmers tried to increase yields, leading with increased crop 

production costs (Cao et al., 2018). At that time, soil conservation practices started, but there 

was a lack of knowledge about which methods were most beneficial. 

Systematic measurements in field plots and erosion modeling began to gain popularity as 

researchers tried to address that lack of knowledge. After several years of soil erosion 

measurements in the United States, the first mathematical relationship between soil erosion and 

slope was published by Zingg (1940). The earlier objectives of erosion modeling were soil 

detachment prediction by rainfall and runoff and soil loss estimation in certain areas.  

Soil erosion models are categorized according to their spatial scale or to the erosion process 

simulated. Plot or field-scale models usually consider detachment and exclude transport and 

deposition, while catchment, province, and country scale models consider detachment, 

transport, and deposition (Jetten and Maneta, 2011). Soil erosion models, based on how the 

process is simulated, can be classified as empirical, conceptual, or physical based. Empirical 

models rely on statistical relationships obtained from many field observations, while physical 

models consider the process itself and attempt to describe the complex interactions between the 

components. Conceptual models take an intermediate approach between empirical and physical 

(Patil, 2018). Today, most erosion models use a mixture of empirical and physical approaches.  

Examples of physically-based models are the Water Erosion Prediction (WEPP), the European 

Soil Erosion Model (EUROSEM), the Limburg Soil Erosion Model (LISEM), and Pan 

European Soil Erosion Risk Assessment (PESERA) (Alewell et al., 2019). One of the most 

known empirical model is the Universal Soil Loss Equation (USLE) and its revised version 

(RUSLE). Some examples of models based on USLE are the Soil and Water Assessment Tool 

(SWAT), the Agricultural non-point source Pollution Model (AGNPS), Water and Tillage 

Erosion, and Sediment Model (Watem/Sedem), and the Chinese Soil Loss Equation (CSLE). 



 

3 

 

The USLE-type models are widely used because of their parsimonious parametrization, they 

are flexible, and their inputs are easily accessible. USLE-type models are also covered by an 

extensive literature that provides a comparison base for the results. However, USLE-type 

models have significant limitations: their application to different locations from where it was 

initially developed requires the generation of local values, a time-consuming process that 

requires data collection (Alewell et al., 2019). Physically-based models are hard to parametrize 

as they generally need many parameters not usually measured, one advantage is that their use 

is not limited to a particular region (Alewell et al., 2019).  

The main criteria for selecting an erosion model are the study's scale, data availability, model 

uncertainty, the number of parameters required (Nearing, 2013). The scale of the study can be 

referred to as onsite, offsite, or both.  Onsite refers to soil loss at the plot level, while offsite is 

related to sediment yield at the catchment level. 

The current study focuses on Mexico, where 76% of the total country area is affected by water 

erosion. Erosion is significant on agricultural lands in semi-arid regions, where rainstorms are 

especially harmful due to high intensities and low soil organic matter. Additionally, long 

periods without rain promote the prevalence of loose soil on surfaces with a poor structure, 

summarizing, the area is very susceptible to soil erosion by water; in this case, modeling is 

useful for evaluating different tillage practices and impacts on soil erosion. 

1.2. Thesis objective 

The general objective is to evaluate and compare the performance of empirical and physical 

soil erosion models under various tillage practices and antecedent soil moisture conditions at 

the hillslope scale, and to apply the best-performing model to predict sediment yield at the 

watershed scale in an arid region of Mexico. 
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1.3. Hypothesis 

 Soil management practices influence soil water erosion and runoff differentially. 

 Physical and empirical models have different performances when predicting soil erosion 

by water. 

 Some parameter values in both empirical and process-based models are not adequate 

for the Mexican context and need to be improved. 

1.4. Methodology 

The current research focuses on both hillslope and watershed scales. Measurements collected 

at the hillslope scale were used to calibrate and validate the model parameters, which were then 

applied to the watershed scale. The key application steps are summarized as follows: 

 Perform a critical review of relevant soil erosion methods. 

 Process field measurements and collect data at the hillslope scale. 

 Setup and calibrate the models.  

 Compare and analyse model performance. 

 Propose improvements to parameter estimation and equations if needed. 

 Assess the impact of different scenarios on soil erosion. 

  Select appropriate scenarios and parameters for sediment yield estimation at the 

watershed scale. 

1.5. Thesis organization 

This thesis is organized to explore soil erosion research, assess the impacts of soil management 

on erosion, compare empirical and physical modeling approaches at the hillslope scale, and 

apply sediment yield modeling at the watershed scale. Chapter 2 presents the novelty of the 

study, outlining the unique contributions of this research. Chapter 3 provides a comprehensive 

literature review on soil erosion and sediment yield modeling. Chapter 4, "Impacts of soil 
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moisture and tillage on short-term erosion under high-intensity simulated rainfall," examines 

the effects of different tillage systems and antecedent soil moisture conditions on runoff and 

erosion. Chapter 5, "Empirical and physical modeling of soil erosion in agricultural hillslopes," 

compares the performance of the Revised Universal Soil Loss Equation (RUSLE) and the Water 

Erosion Prediction Project (WEPP) models and has been published in the Journal of Hydrology 

and Hydromechanics (DOI: 10.2478/johh-2024-0017). Chapter 6, "Sediment yield modeling: 

linking hillslope and watershed analysis," applies the Modified Universal Soil Loss Equation 

(MUSLE) at the watershed scale using parameters derived from hillslope data. Finally, Chapter 

7 presents the conclusions of this research. 
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CHAPTER 2.  Novelty of the study 

This thesis presents a novel approach to sediment yield and erosion modeling by adapting 

USLE-type models to the unique challenges of semi-arid, data-scarce regions. While traditional 

studies often rely on single-scale analysis (Prado-Hernández et al., 2017; Alberto Ramos 

Castillo and Orozco Medina, 2020; Gutierrez-Lopez et al., 2021), this research bridges hillslope 

and watershed scales, enhancing the accuracy and applicability of sediment yield predictions. 

In our second paper, we conducted a comparative analysis of empirical and physical erosion 

models on agricultural hillslopes. This analysis provides a valuable framework for model 

selection based on specific land management practices and environmental conditions, 

showcasing the performance and applicability of models like USLE and WEPP across different 

scales and contexts. Our third paper further builds on this work by linking hillslope data directly 

to watershed-scale predictions. By creating an adaptable framework for sediment yield 

modeling in ungauged basins, this study advances the capacity for accurate erosion prediction 

in data-limited areas. Additionally, by integrating daily adjustments for Potential 

Evapotranspiration (PET) and Actual Evapotranspiration (AET) within the MUSLE model, we 

refined soil moisture and runoff estimations, a novel step that enhances model precision, 

particularly under extreme rainfall conditions. 

Overall, this research extends the application of established models to new, challenging 

contexts and offers essential insights for erosion control and watershed management in semi-

arid environments. 
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CHAPTER 3.  Literature review 

3.1. Soil erosion in Mexico 

Soil erosion is a significant problem in Mexico. SEMARNAT-CP (2003) found that 45% of the 

country is subject to anthropogenic soil degradation, 12% of which is soil water erosion. 

Avedoy (2004) reported that 37% caused by soil water erosion. González et al. (2016) used 

satellite maps and field observations to demonstrate that 76% of Mexico's total area is affected 

by water erosion, of which 6.79% presents extreme erosion, 5.79% strong erosion, 26.37% 

moderate erosion, and 37.06% low erosion.  

Agricultural lands represent 45% of the total area affected by soil erosion, leading to a 

substantial crop yield reduction. For example, corn yield reduction is around three or four 

tonnes per hectare after three years of low soil water erosion (Contreras-Hinojosa et al., 2005; 

Campbell and Berry, 2008). Cotler et al. (2011) found that in Mexico, the cost of soil losses is 

around US$ 16.2 to US$ 32.4 per hectare, while the replacement of the lost nutrients is US$ 

22.1 per hectare. 

The Mexican government initiated early conservation practices in the 1940s by establishing the 

first two soil conservation districts. A few years later, the soil and water conservation law was 

promulgated to promote practices such as terracing, tree replanting, contour plowing, crop 

rotation, and watershed management (Simonian, 1995).   Nowadays, agricultural lands' primary 

soil conservation practices are crop rotation, the addition of organic matter, and intercropping 

(Cotler and Cuevas, 2019). The area under conservation practices is estimated at around 22800 

ha in 2008/09 and 41000 ha in 2013 (Friedrich et al., 2017). 

3.2. Soil erosion modeling 

The earlier objectives of erosion modeling were soil detachment prediction by rainfall and 

runoff and soil loss estimation in certain areas. Soil erosion models can be classified according 
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to their spatial scale or according to how the erosion process is simulated. Plot or field-scale 

models usually consider detachment and exclude transport and deposition, while catchment, 

province, and country scale models consider detachment, transport, and deposition (Jetten and 

Maneta, 2011). Soil erosion models can also be classified as empirical, conceptual, or physical 

based on how the process is simulated. Empirical models rely on statistical relationships 

obtained from many field observations, while physical models consider the process itself and 

attempt to describe the complex interactions between the components. Conceptual models take 

an intermediate approach between empirical and physical (Patil, 2018). There are various tools 

available to evaluate the quantity of soil eroded, test the mitigation practices, and estimate 

climate change effects. Today, most erosion models use a mixture of empirical and physical 

approaches. Recent studies focused on physical-based models such as the Water Erosion 

Prediction (WEPP), the European Soil Erosion Model (EUROSEM), and the empirical 

Universal Soil Loss Equation (USLE) and its revised version (RUSLE).  RUSLE is the most 

widely applied model around the world. Some examples of well-known models based on USLE 

are the Soil and Water Assessment Tool (SWAT), the Agricultural non-point source Pollution 

Model (AGNPS), Water and Tillage Erosion, and Sediment Model (Watem/Sedem), and the 

Chinese Soil Loss Equation (CSLE). Examples of physically-based models that do not use the 

USLE are the already mentioned WEPP and EUROSEM, the Limburg Soil Erosion Model 

(LISEM), and Pan European Soil Erosion Risk Assessment (PESERA) (Alewell et al., 2019). 

USLE-type models are widely used because of their parsimonious parametrization. They are 

flexible, and their inputs are easily accessible. USLE-type models are also covered by an 

extensive literature that provides a comparison base for the results. However, USLE-type 

models also have significant limitations: for example, their application to locations different 

from where it was initially developed requires the generation of local equations/parameter 
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values, a time-consuming process that requires data collection (Alewell et al., 2019). 

Physically-based models are hard to parametrize as they generally need many parameters not 

usually measured. Their advantage is that their use is not limited to a particular region, as these 

kinds of models are, in principle, universal and can be applied everywhere (Alewell et al., 

2019).  

The main criteria for selecting an erosion model are the study's scale, data availability, model 

uncertainty, the number of parameters required included (Nearing, 2013). The scale of the study 

can be referred to as onsite, offsite, or both.  Onsite refers to soil loss at the plot level, while 

offsite is related to sediment yield at the catchment level. Table 3-1 lists some of these criteria 

for popular erosion modeling methods. 

 

Table 3-1. Description of common soil water erosion models (Nearing, 2013) 

Model Approach Target Scale Output 

USLE 

(1960) 

Empirical Conservation 

planning 

Onsite  Average annual erosion rate (Mg 

ha-1 year-1) 

RUSLE 

(1991) 

 

Combined Conservation 

planning 

Onsite Average annual erosion rate 

Rill 

Deposition (last version in 2003) 

MUSLE 

(1975) 

Empirical Conservation 

planning 

Offsite Sediment yield (t) 

WEPP 

(1995) 

Mainly 

physical 

Agricultural 

management 

practices 

Onsite and 

Offsite  

Hillslope: Rill and interrill 

erosion Net soil loss 

Net deposition 

Watershed:  

Channel erosion 

Deposition 

Deposition in impoundments 

LISEM 

(1996) 

Physical Conservation 

planning 

Onsite and 

Offsite 

Splash detachment (Interrill) 

Flow detachment  

Deposition 
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 (Rill) 

Sediment yield 

CREAMS 

(1980) 

Combined Nonpoint-source 

pollution 

Agricultural 

management 

systems 

Onsite Interill 

Rill 

Deposition 

Pesticide and nutrient component 

 

The models selected in this study are USLE-type models and WEPP because there are many 

studies conducted with these models. Another significant advantage is that both models have 

routines to estimate soil erosion onsite or hillslope and sediment yield offsite or downstream. 

3.2.1. USLE-type models 

The USLE (Universal Soil Loss Equation) was developed in 1960 to estimate sheet and rill 

erosion in agricultural lands and has since been widely used worldwide. The USLE model 

calculates long-term average annual soil erosion (Patil, 2018). The USLE was derived from 

studies in field plots and small watersheds (Wischmeier and Smith, 1978). 

𝐴 = 𝑅 ∗ 𝐾 ∗ 𝐿 ∗ 𝑆 ∗ 𝐶 ∗ 𝑃  Eq. 3-1 

In equation 3-1,  A is the annual average soil erosion  (Mg ha-1 year-1); R is the rainfall-runoff 

erosivity factor (mm h-1 ha-1 year-1); K is the soil erodibility factor (Mg h-1 MJ-1 mm-1); L is the 

slope length factor (dimensionless); S is the slope steepness factor (dimensionless); C is the 

land cover and management factor (dimensionless), and finally P is the soil conservation or 

prevention practices factor (dimensionless). 

The RUSLE equation uses the same formulation, but the methods used to calculate the factors 

are different.  The calculation of R also considers flat slopes, ponded water, thawing, snow, and 

partly frozen soil. The K factor in USLE is obtained using a nomograph. In contrast, an 

alternative method is used in RUSLE, which considers the soil particles' diameter, the seasonal 
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variability of the K factor, and rocks' effect. The calculation of the L factor in RUSLE uses an 

improved method for selecting slope length. The estimation of the slope steepness is improved 

too. The topographic effect is better-described thanks to a slope steepness relationship for short 

slopes and interill erosion. The C factor in RUSLE is calculated using an equation that considers 

canopy, surface cover, and surface roughness. The P factor encloses new ways to calculate 

contouring and terracing and now considers strip cropping (Renard et al., 1991). 

The first version of RUSLE (known as RUSLE1) has evolved to RUSLE1.06c, which assumes 

a constant value for the K factor. The last version of RUSLE is RUSLE2, which generates daily 

erosion. The daily erosion is summed to obtain average annual erosion (Foster et al., 2003).  

Another USLE-type model is the Modified Universal Soil Loss Equation (MUSLE), where a 

runoff factor replaces the rainfall factor R. The equation was developed from storm-runoff 

events in small watersheds (15 to 1500 ha) by Sadeghi et al. (2014) 

𝑆𝑦 = 𝑎(𝑄
′𝑞𝑝)

𝑏𝐾 ∗ 𝐿𝑆 ∗ 𝐶 ∗ 𝑃  (Eq. 3-2) 

Sy is the sediment yield in tons, Q is the volume of runoff in m3, qp is the peak flow rate in m3 

s-1, and the other components of the equation are already defined in equation 3-1. a and b are 

location coefficients that can be optimized according to location 

3.2.1.1. Rainfall and runoff factor (R) 

Field data collected in agricultural lands suggest a direct relationship between soil losses and 

the energy of the storm (E) multiplied by the maximum intensity in 30 minutes (I30). Therefore, 

the R factor should consider the raindrop impact and runoff rate associated with such rainfall 

events. The energy of a storm is a function of the amount of rain and its intensity; thus, it is 

function of the size of rainfall drops, which increases with greater intensities; at the same time, 

the larger the drop, the greater its velocity. Using the kinetic energy equation (e=mv2/2), it can 

be demonstrated that the energy of a given mass in motion is proportional to the squared 
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velocity and that there is a linear relation between rainfall energy and its intensity. The 

following relations were derived from observed data by Renard et al. (1997): 

𝑒𝑚 = 0.119 + 0.0873 log10 𝑖𝑚      im≤ 76 mm . h-1      (Eq. 3-3) 

𝑒𝑚 = 0.283
       im> 76 mm. h-1    (Eq. 3-4) 

Where em is the kinetic energy (MJ ha-1 mm-1), im is the intensity (mm h-1) 

The equation of the R factor in RUSLE is presented below: (Renard et al., 1997b). 

𝑅 =
∑ (𝐸𝐼30)𝑖
𝑗
𝑖=𝐼

𝑁
     (Eq. 3-5) 

Where R is the rainfall erosivity (MJ mm-1 ha-1 h-1 year-1); N is the number of years of 

observations; E is the kinetic energy (MJ ha-1), and I30 is the maximum intensity in 30 minutes 

for storm i, j is the number of storms in N years. 

Seasonal variations of EI should be accounted, another special consideration to take into 

account is that the ten-year frequency storm EI value is required to calculate the P factor for 

contour farming. Also, some modifications in snow or air-mass thunderstorm conditions should 

be considered (Renard et al., 1997b). 

3.2.1.2. Soil Erodibility Factor (K) 

This factor represents the effect of soil properties and soil profile on soil loss. The best way to 

obtain the K factor is from direct measurements on natural runoff plots, accounting for 

antecedent soil moisture, soil surface conditions and rainfall (Romkens et al., 1997).  

An extensive database of observations (usually two years, according to Romkens et al., 1997) 

has to be collected to estimate the K factor under natural rainfall. The experimental plot should 

be tilled immediately before the observation period, and the topography of the study area should 

be uniform. Renards et al. (1997) attempted to relate the soil properties to the K factor. These 

attempts led to the soil-erodibility nomograph that considers silt, sand, organic matter, structure, 
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and permeability. For soil containing less than 68% of silt, Keppel et al. (2002) proposed an 

algebraic approximation in SI (t ha-1 h-1/ha MJ-1 mm-1) units of such nomograph: 

𝐾 = 2.766 ∙ 𝑀1.14 ∙ 10−7(12 − 𝑂𝑀) + 4.28 ∙ 10−3(𝑠 − 2) + 3.28 ∙ 10−3(𝑝 − 3)  (Eq. 3-6) 

Where M (% silt + %very fine sand).(100 minus % clay), OM is % of organic matter, s is the 

soil-structure code in soil classification, and p is the profile-permeability class.  

Another way to obtain the K factor using soil properties is to use the equations proposed by 

Tetteh et al. (2019) (Eq. 3-7) and  Wang et al. (2016) (Eq. 3-8). 

𝐾 = 0.0034 + 0.0387exp [−
1

2
(
log10(𝐷𝑔)+1.533

0.7671
)
2

]      (Eq. 3-7) 

𝐾 = 0.0667 − 0.0013 [ln (
𝑆𝑂𝑀

𝐷𝑔
) − 5.6706]

2

− 0.015 𝑒𝑥𝑝[−28.9589((log𝐷𝑔) + 1.827)2]       (Eq. 3-8) 

𝐷𝑔 = 𝑒𝑥𝑝(0.01 ∙ ∑  𝑓𝑖 ln𝑚𝑖
𝑛
𝑖=1 )       (Eq. 3-9) 

Where Dg is the geometric mean diameter (mm); fi is the weight % of the particle size fraction, 

mi is the arithmetic mean of the particle size (mm), and n is the number of particle size fractions; 

SOM is the soil organic matter in %. 

It is also possible to calculate the K factor from measured data. The measured soil data is related 

to modeled soil loss for unit plot conditions (see Eq. 3-10 to 3-12) (Foster et al., 1981). 

𝑎𝑢 =
𝑎𝑓

𝐿𝑓𝑆𝑓𝐶𝑓𝑃𝑓
      (Eq. 3-10) 

Where au is the estimated soil loss for a specific EI; af is the measured soil loss; Lf, Sf, Cf, and 

Pf are the other factors of USLE for a given plot. 

The K factor is the slope of the next equation. 

𝑎𝑢 = (𝐸𝐼)𝐾     (Eq. 3-11) 

 

A K factor could be estimated from: 

𝐾 =
∑ (𝑎𝑢)
𝑛
𝑗=1

∑ (𝐸𝐼)𝑗
𝑛
𝑗=1

         (Eq. 3-12) 
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Oher equations focusing on clayey soil, soils of volcanic origin, etcetera are presented in a guide 

of conservation planning with RUSLE developed by  Romkens et al. (1997).  

3.2.1.3. Slope length and steepness factors (LS) 

LS factor describes the influence of topography on soil erosion, the slope length is "L" and "S" 

represents the steepness. Slope length is the horizontal distance from the start of overland flow 

to where soil deposition begins, or runoff becomes concentrated towards a defined stream; 

Steepness reflects the slope gradient effect on erosion. The standard USLE length and steepness 

are 22.1 m in length and 1.83 m in width, and a slope of 9%. In general, erosion increases as 

slope length is greater, but slope steepness promotes more rapid soil losses (McCool et al., 

1997). 

Soil erosion caused by slope length varies. 

𝐿 = (
𝜆

22.1
)
𝑚

           (Eq. 3-13) 

Where 22.1 is the RUSLE unit plot length (m), and m is a variable slope-length exponent, λ is 

the horizontal projection of the plot length.The m exponent in equation 3-13 is obtained from 

the ratio β of rill and interrill erosion (McCool et al., 1997). 

𝑚 =
𝛽

1+𝛽
                  (Eq. 3-14) 

When the soil is moderately susceptible to rill and interrill erosion, then the next expression is 

used. 

𝛽 =
(
sin𝜃

0.0896
)

3(sin𝜃)0.8+0.56
         (Eq. 3-15) 

Where Ɵ is the slope angle (radians).  

In agricultural lands, the m exponent should increase in soils with high susceptibility to rill 

erosion. 
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The slope steepness factor (S) is calculated from equations 3-16 and 3-17 (McCool et al., 

1997). 

𝑆 = 10.8 sin 𝜃 + 0.03          s < 9%    (Eq. 3-16) 

𝑆 = 16.8 sin 𝜃 − 0.50          s ≥ 9%     (Eq. 3-17) 

When the slope Lengths are shorter than 4.5 meters, the following equation is used:  

𝑆 = 3.0 (sin 𝜃)0.8 + 0.56  (Eq. 3-18) 

The above equations were developed using experimental data. Equation 3-17 assumes that there 

is no effect of slope steepness on runoff. 

The RUSLE manual also explains how to calculate the LS factor in thawing conditions and 

non uniform slopes (McCool et al., 1997). 

3.2.1.4. Cover-management factor (C) 

The C factor describes how cropping and management practices influence the soil erosion 

process. The C factor's final value is obtained from various subfactors: land use, canopy cover, 

surface cover, roughness, and soil moisture. The proper calculation of the C factor should 

consider that cropping and management practices are temporally changing. For example, the 

crop's growth stage will have a specific value of C. First, a soil loss ratio (SLR) is calculated 

for each period, then each of these values is weighted by EI. The SLR for a particular condition 

is given in equation 3-19 (Yoder et al., 1997). 

𝑆𝐿𝑅 = 𝑃𝐿𝑈 ∙ 𝐶𝐶 ∙ 𝑆𝐶 ∙ 𝑆𝑅 ∙ 𝑆𝑀   (Eq. 3-19) 

PLU is the prior land use, CC is the canopy cover, SC is the surface cover, SR is the surface 

roughness, and SM is the soil moisture. 

The PLU includes the subsurface residual and tillage practices effects from the previous crop. 

𝑃𝐿𝑈 = 𝐶𝑓 ∙ 𝐶𝑏 ∙ 𝑒𝑥𝑝 [(−𝑐𝑢𝑟 ∙ 𝐵𝑢𝑟) + (
𝑐𝑢𝑠∙𝐵𝑢𝑠

𝐶𝑓
𝑐𝑢𝑓
)]   (Eq. 3-20) 
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Where PLU ranges from 0 to 1, Cf is a soil consolidation factor (dimensionless), Cb the 

effectiveness of subsurface residue in consolidation, Bur is the mass density of roots (kg ha-1 

cm-1), Bus is the mass density of incorporated residues (kg ha-1 cm-1), cuf is the impact of soil 

consolidation, Cur (ha cm-1 kg-1) and Cus (ha cm-1 kg-1) are calibration coefficients. 

The disturbed area determines the value of Cf: Cf is 1.0 for a freshly tilled soil and 0.45 for an 

undisturbed soil. Bu is the biomass density in the topsoil. RUSLE assumes that 80% of the total 

root biomass is in the first 10 - 20 cm. Bur is obtained by dividing the entire root biomass residue 

by the mass of soil where such biomass is. Bus should be used in case there are residues on the 

ground that could be incorporated into the soil through tillage activities. The values that 

describe the relative effectiveness of surface biomass in preventing soil erosion were calculated 

from experiments; these values are Cb = 0.951, cur = 0.00199 acres per in per lb, cus = 0.000416 

acres per in per lb and cuf = 0.5 (Yoder et al., 1997) 

The canopy cover effect is represented by equation 3-21. 

𝐶𝐶 = 1 − 𝐹𝑐 ∙ exp (−0.1 ∙ 𝐻)  (Eq. 3-21) 

Fc is the fraction of area covered by the canopy, and H is the distance that drops have to travel 

until it reaches the soil after striking the canopy. Default values for several crops can be found 

in the literature. 

The surface cover subfactor SC accounts for everything on soil, such as crop residue, rocks, 

etc. The effect of SC is given by Eq. 3-22 (Yoder et al., 1997).  

𝑆𝐶 = exp [−𝑏 ∙ 𝑆𝑝 ∙ (
0.24

𝑅𝑢
)
0.08
]    (Eq. 3-22) 

Where b is a coefficient of the effectiveness of surface cove. b varies from 0.030 to 0.070 in 

row crops; Sp is % of covered area, Ru is surface roughness.  
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The higher the b value, the more significant the rill erosion. Large values of b correspond to 

steep and/or long slopes.  In contrast, the b value decreases if interrill erosion is more significant 

than rill erosion, common in flat and/or short slopes. b is also influenced by soil texture and soil 

cover. 

The % of covered area by residue is obtained in equation 3-23. 

𝑆𝑝 = [1 − 𝑒𝑥𝑝(−𝛼 ∙ 𝐵𝑠)] ∙ 100         (Eq. 3-23) 

Where α is the ratio of covered area and the mass of the residue in acre lb-1, Bs is the dry weight 

of residue on the soil in lb acre-1.  

The surface roughness is calculated using equation 3-24 (Yoder et al., 1997). 

𝑆𝑅 = 𝑒𝑥𝑝[−0.66(𝑅𝑢 − 0.24)]     (Eq. 3-24) 

Where Ru is the roughness before the tillage operation in inches.  

The soil moisture value (SM) is near 1.0 if the water content is close to field capacity. In 

contrast, a value of 0 indicates that soil moisture is near the wilting point. Lianes Revilla (2008) 

proposed the following equation for SM 

𝑆𝑀 =
𝑀−𝑊𝑃

𝐹𝐶−𝑊𝑃
                     (Eq. 3-25) 

Where M is the soil moisture (dimensionless); WP is the wilting point (%), and FC is the field 

capacity (%). 

There are several approximations to calculate field capacity and wilting point considering the 

particle sizes of soil; examples are the equations proposed by Smith (1917) for field capacity 

(Eq. 3-26) and Silva et al. (1988) for wilting point (Eq. 3-27). 

FC = 0.1(% sands) + 0.15(% silt) + 0.61(% clay) (Eq. 3-26) 
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WP = FC * 0.74-5 (Eq. 3-27) 

Once all the SLR's are obtained, equation 3-28 is applied to the data (Yoder et al., 1997). 

𝐶 =
(𝑆𝐿𝑅1𝐸𝐼1+𝑆𝐿𝑅2𝐸𝐼2+⋯𝑆𝐿𝑅𝑛𝐸𝐼𝑛)

𝐸𝐼𝑡
        (Eq. 3-28) 

Where C is the average annual crop value, SLRi is the crop value per time period, EIj is the % 

of EI that occurs in a particular period, n is the number of periods, and EIt is the sum of EI. 

3.2.1.5. Support practice factor (P) 

The P factor describes the impact of specific practices on soil loss. The conservation practices 

modify erosion by changing the amount, pattern, and direction of surface runoff. Conservation 

practices in agricultural lands include contouring, strip cropping, terracing, and subsurface 

drainage (Foster et al., 1997).  

3.2.2. USLE-type models application in Mexico 

Most of the studies using USLE-type models in Mexico focus on soil use and land cover 

management. Most at the catchment and country scales used GIS tools to estimate soil erosion. 

Flores-López et al. (2003) applied GIS to estimate potential erosion, current erosion, and 

tolerable erosion in Jalisco's state at the watershed scale using USLE. They obtained 

satisfactory results but concluded a need for a better calculation of factor L to avoid 

overestimation. They also pointed out the need to estimate the local values of the K factor. 

Ramírez-León (2009) estimated sediments loss using SDR (Sediment Delivery Ratio) and 

USLE; the Monte-Carlo method is proposed to estimate the R factor; the results were compared 

with sediments in dams, and the error varied from -32.03%  to 235.11%. Montes-León et al. 

(2011) studied the potential erosion in all Mexican territory; the results showed that 64% of the 

total country area is affected by extreme soil water erosion with more.  Pedraza-Villafaña 

(2015) determined potential and current soil water erosion using two methods based on USLE 
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in the Chapingo river watershed and found that the two methods yield similar results.  Prado-

Hernández et al. (2017) calibrated the USLE and MUSLE on a silty clay loam soil and found 

that MUSLE fitted observations relatively well, but not USLE; the calibration procedure was 

focused on factor K, and a final value of  0.1067 was obtained.  Aguirre-Salado et al. (2017) 

identified potential sites for ecological restoration using USLE and multi-criteria decision 

analysis in San Luis Potosí, México; the authors concluded that the methodology was useful 

for planning forest restoration. González-Morales et al. (2018) assessed soil erosion to find 

mitigation practices and appropriate locations for these practices in Chiapas. Bolaños-González 

et al. (2016) developed a soil water erosion map for all the Mexican territory and estimated soil 

organic carbon losses due to erosion. They found that 76% of the country is affected by soil 

water erosion.  6.79% of the country is affected by extreme erosion, 5.79% by strong erosion, 

26.37% by moderate erosion, and 37.06% by low erosion. López-García et al. (2020) estimated 

soil erosion applying USLE and GIS in Puebla; the authors found four classes of soil erosion 

risk were identified, the most of the area was under low risk of erosion (less than 23 t ha-1 year-

1). 

3.2.3. WEPP 

The USDA (United States Department of Agriculture) developed WEPP, a process-based 

model focusing on erosion prediction on hillslopes and watersheds. WEPP includes stochastic 

weather generator and explicitly accounts for processes in hydrology, soil physics, plant 

science, hydraulics, and erosion mechanics. The hillslope processes include rill and interrill 

erosion; sediment transport and deposition; infiltration; soil consolidation; residue and canopy 

effects; surface sealing; rill hydraulics; surface runoff; plant growth; residue decomposition; 

percolation; evaporation; transpiration; snowmelt; frozen soil effects on infiltration and 

erodibility; climate; tillage; effects on soil properties; and finally, the impact of random soil 
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roughness, and contour effects. The watershed model considers channel detachment, sediment 

transport, and deposition (Flanagan et al., 1995). 

3.2.3.1.Hillslope erosion 

The erosion and deposition processes on a hillslope are described in two ways: interrill erosion 

and rill erosion. Interill erosion is caused by raindrops and consists of soil particle detachment, 

transport, and deposition. Rill erosion occurs when hydraulic shear stress is greater than critical 

shear stress, and sediment load is less than sediment transport capacity. The WEPP hillslope 

erosion model calculates rill erosion by solving a steady sediment continuity equation (Eq. 3-

29) (Foster et al., 1995). 

𝑑𝐺

𝑑𝑥
= 𝐷𝑓 + 𝐷𝑖    (Eq. 3-29) 

Where x is the downslope distance (m); G is the sediment load (kg s-1 m-1); Di is the interrill 

sediment delivery to rill (kg s-1 m-2), and Df is the rill erosion rate in (kg s-1 m-2). 

Rill erosion in a hillslope is described in WEPP by Eq. 3-30 (Foster et al., 1995). 

𝐷𝑓 = 𝐷𝑐 (1 −
𝐺

𝑇𝑐
)       (Eq. 3-30) 

Dc is detachment capacity by rill flow (kg s-1 m-2) and Tc is the sediment transport capacity 

(kg s-1 m-1). 

 Soil deposition in a rill occurs when sediment load is greater than sediment transport capacity. 

The model calculates this soil deposition using Eq. 3-31 (Foster et al., 1995). 

𝐷𝑓 =
𝛽𝑉𝑓

𝑞
(𝑇𝑐 − 𝐺)          (Eq. 3-31) 

Where Vf is the effective fall velocity of sediments (m.s-1); q is the flow discharge per unit 

width (m2s-1) and β is a coefficient of raindrop turbulence. 
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The interrill delivery process is modeled using the assumption that it is proportional to the 

product of rainfall intensity and interrill runoff rate. Interrill delivery rate is estimated using 

equation 3-32 (Foster et al., 1995).  

𝐷𝑖 = 𝐾𝑖𝑎𝑑𝑗𝐼𝑒𝜎𝑖𝑟𝑆𝐷𝑅𝑅𝑅𝐹𝑛𝑜𝑧𝑧𝑙𝑒 [
𝑅𝑠

𝑤
]    (Eq. 3-32) 

In the above model, Kiadj is the adjusted interrill erodibility; Ie is the effective rainfall intensity 

(m.s-1); σir is the interrill runoff rate (m.s-1); SDRRR is a sediment delivery ratio depending on 

random roughness, the row side-slope, and the interrill sediment particle size distribution; Fnozzle 

is an adjustment factor to account for sprinklers; in case irrigation is applied, Rs is the rill 

spacing (m) and w is the rill width (m). 

3.2.3.2. Residue decomposition WEPP 

The decomposition of residues is estimated for flat residues, standing material, submerged 

residues, and dead roots. To simulate the process of decomposition, WEPP uses equation 3-33 

(Stott et al., 1995). 

𝑀𝑡,𝑗 = 𝑀𝑡−1,𝑗𝑒
𝐸𝑁𝑉𝐼𝑁𝐷𝑗∙𝑂𝑅𝐴𝑇𝐸𝑗∙𝑃𝑆𝑍𝐼𝑁𝐷𝑗∙𝐹𝐸𝑅𝐼𝑁𝐷𝑗       (Eq. 3-33) 

Where Mt,j is the remaining residue biomass per unit area (kg m-2) and Mt-1,j is the residue 

biomass remaining the previous day (kg m-2), both for the type of residue j, ENVIND is an 

environmental factor, ORATE is a decomposition constant for a specific type of residue, 

FERIND is a soil fertility index, and PSZIND is an index for residue size (Stott et al., 1995). 

Equation 3-33 is applied for any type of residue as standing, flat, buried or dead roots. 
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3.2.3.3. Soil 

The soil parameters of WEPP model include random roughness, oriented soil roughness, bulk 

density, wetting-front suction, hydraulic conductivity, interrill erodibility, rill erodibility, and 

critical shear stress.  

The random soil roughness after a tillage operation is calculated in equation 3-34 (Alberts et 

al., 1995). 

𝑅𝑅𝑖 = 𝑅𝑅𝑜𝑇𝑑𝑠 + 𝑅𝑅𝑡−1[1 − 𝑇𝑑𝑠]       (Eq. 3-34) 

Where RRi is the random roughness (m), RRo is the random roughness promoted by an 

implement, RRt-1 is the random roughness of the previous day, Tds is the fraction of disturbed 

soil surface. 

Ridge height decay is predicted with equation 3-34 (Alberts et al., 1995). 

𝑅𝐻𝑡 = 𝑅𝐻𝑜𝑒
−𝐶𝑏𝑟

[𝑅𝑐]

𝑏

0.6

   (Eq. 3-34) 

In the above equation, RHt is the ridge height (m) at time t; RHo is the ridge height after tillage 

(m); Cbr is an adjustment factor for buried residue; Rc is the cumulative rainfall since tillage in 

(m); and b is an adjustment coefficient for random roughness.  

Another important parameter related to infiltration and soil compaction is bulk density, 

calculated using the following equation (Alberts et al., 1995). 

𝜌𝑡 = 𝜌𝑡−1 − [[𝜌𝑡−1 − 0.667𝜌𝑐]𝑇𝑑𝑠]    (Eq. 3-35) 

Where ρt is the bulk density after tillage (kg m-3); ρt-1 is the bulk density before tillage (kg m-3); 

ρc is the consolidated soil bulk density (kg m-3) at 0.033 MPa, Tds is the fraction of soil surface 

disturbed.  
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A significant value for soil erosion simulation in WEPP is interrill erodibility, which is obtained 

from field experiments using Eq. 3-36 and Eq. 3-37, both for croplands (Alberts et al., 1995). 

𝐾𝑖𝑏 = 272800 + 19210000𝑣𝑓𝑠          >30% of sand        (Eq. 3-36) 

Where Kib is the baseline interrill erodibility, vfs is the fraction of very fine sand. 

𝐾𝑖𝑏 = 6054000 − 5513000𝑐𝑙𝑎𝑦             <30% of sand   (Eq. 3-37) 

In the above equation, clay represents the fraction of clay.  

The WEPP model calculates rill erodibility using equations derived from field experiments. Eq. 

3-38 and Eq. 3-39 are used for soils containing 30% or more of sand, while  Eq. 3-40 and Eq. 

3-41 apply to for soil with less than 30%  sand (Alberts et al., 1995). 

𝐾𝑟𝑏 = 0.00197 + 0.030𝑣𝑓𝑠 + 0.03863𝑒
−184𝑜𝑟𝑔𝑚𝑎𝑡                 (Eq. 3-38) 

𝜏𝑐𝑏 = 2.67 + 6.5𝑐𝑙𝑎𝑦 − 5.8𝑣𝑓𝑠         (Eq. 3-39)    

Where vfs is the fraction of very fine sand, clay is the fraction of clay, orgmat is the fraction of 

organic matter.        

𝐾𝑟𝑏 = 0.0069 + 0.134𝑒
−20𝑑𝑎𝑦       (Eq.3-40) 

𝜏𝑐𝑏 = 3.5       (Eq. 3-41) 

3.2.4. WEPP model application in Mexico 

The WEPP model is widely used in Mexico to assess soil erosion under various land use and 

management practices, providing insights for improving soil conservation and modeling 

processes.  

Larose et al. (2004) tested the hillslope WEPP model for runoff and soil loss under conventional 

tillage and conservation practices in Veracruz, achieving a Nash-Sutcliffe index of 0.84 and 

0.86 for predicted runoff and soil loss, respectively. For conventional tillage, these values were 

0.88 and 0.84, indicating strong model accuracy. In Jalisco’s Ayuquila River region,  Martínez-

Rivera (2004) applied the WEPP model to enhance understanding of local soil erosion 
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dynamics; however, predictions varied across sites, with soil loss underestimated at two 

locations and overestimated at one, suggesting that WEPP’s accuracy may depend on specific 

site characteristics. Bravo-Espinosa et al. (2006) calibrated erosion parameters in WEPP, 

identifying interrill and rill erosion values as 774.7 x 10³ kg s m⁻⁴ and 0.5 x 10⁻⁴ s m⁻¹, 

respectively. Additionally, González-Arqueros et al. (2017) investigated the anthropogenic 

impact on erosion in the Teotihuacan Valley over three time periods, including the Aztec era 

and modern times, finding that erosion and runoff were more pronounced during the Aztec 

period than today. 

3.3. Sediment yield modeling 

Sediment yield is the mass of sediment that reaches a given point in a watershed. In practice, it 

is measured considering suspended sediment concentration and bed load (Rai et al., 2017). 

While soil erosion refers to the process of detachment and movement of soil particles from the 

land surface, sediment yield represents the portion of that eroded material which actually 

reaches a downstream point, typically at the outlet of a watershed.  

Sediment yield models have evolved to incorporate both empirical and physical approaches for 

predicting the movement and deposition of eroded material within a watershed. Models like 

MUSLE, SWAT, EPIC, SEDD, and AnnAGNPS are rooted in the USLE framework, using 

modifications to incorporate runoff energy, sediment delivery ratios, or spatial variability. 

These models are effective for estimating sediment yield at various scales, particularly when 

data availability limits the use of more complex methods. Additionally, GLEAMS applies 

simplified empirical equations for surface runoff and sediment yield estimation in agricultural 

systems (Borrelli et al., 2021). On the other hand, physically-based models such as WEPP 

simulate sediment detachment, transport, and deposition based on hydrological and soil 

mechanical processes, making them more suited for detailed event-based or continuous 
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sediment yield predictions. Beyond WEPP, models like SHETRAN and DHSVM also take a 

physically-based approach, accounting for spatial and temporal variations in soil, water, and 

sediment dynamics. These physically-based models provide more detailed insights into the 

interactions between land surface processes and sediment movement, making them valuable 

tools for understanding sediment yield across diverse landscapes (Pandey et al., 2016). 

3.3.1. The Runoff Factor in MUSLE 

The Modified Universal Soil Loss Equation (MUSLE) is widely recognized for its application 

in estimating sediment yield. Unlike its predecessor, USLE, which estimates soil loss on an 

annual basis, MUSLE incorporates runoff data to predict sediment yield on a single event basis. 

This shift enhances the model's accuracy in areas prone to variable rainfall patterns (Williams, 

1975). The basic equation is next: 

𝑆𝑦 = 𝑎(𝑄𝑞𝑝)
𝑏
𝐾 ∗ 𝐿𝑆 ∗ 𝐶 ∗ 𝑃   (Eq. 3-42) 

Where Sy represents sediment yield in t, Q is runoff in m3, qp is the peak flow rate in m3s-1, a 

and b are constants with default values of 11.8 and 0.56, respectively; 11.8 in the equation is a 

unit conversion constant, so the resulted sediment yield is in t, and 0.56 is a constaant 

empirically derived; K is the soil erodibility factor in Mg h-1 ha-1 MJ-1 mm-1; L is the slope 

length factor (dimensionless), S is the slope steepness factor (dimensionless), C is the land cover 

and management factor (dimensionless), and P is the soil conservation practices factor 

(dimensionless).  

The idea behind the substitution of runoff-rainfall erosivity (Factor R) by runoff energy factor 

a(Qqp)b  was that runoff volume and peak runoff rate have a more direct influence on sediment 

transport than the amount of rainfall. It reflects the combined effects of water volume flowing 

over the landscape and the intensity of the flow (represented by the peak runoff rate). The 
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reasoning is that sediment yield is not only dependent on how much water is present but also 

on how fast it moves, which directly affects its ability to detach, transport, and deposit sediment. 

3.3.2. Relevant Applications of MUSLE 

Several studies in Mexico have applied MUSLE, demonstrating its effectiveness in storm event 

predictions and its utility across diverse landscapes for improved land management.  

In a study by Prado-Hernández et al. (2017) MUSLE was applied in the El Malacate micro-

basin, a 1.5 km² area in Michoacán, where forest covers over 60% of the land. The runoff factor 

in MUSLE was determined using hydrographs measured through a long-throated flume 

equipped with an ultrasonic sensor. The soil erodibility (K), cover-management (C), and 

topographic (LS) factors were calculated using default methods. The calibrated K factors of 

0.034 and 0.013 led to overestimation, with sediment yields reaching up to 26 tons.  

Another study conducted by Velásquez-Valle et al. (2016) applied MUSLE in the La Cruz 

micro-basin, a 46.8-hectare area in Zacatecas dominated by natural grasslands. Runoff was 

measured at a monitoring station, while the K factor was determined from ARS (1975) tables 

based on soil texture and organic matter. The LS factor was derived from a 1:2500-scale 

topographic map, and the C factor was calculated using the method of Figueroa et al. (1991), 

accounting for a mean shrub height of 0.5 m, 25% shrub coverage, and 40% basal coverage of 

pastures. This approach produced sediment yield predictions ranging from 2.5 to 19.5 tons, with 

strong alignment between observed and simulated values (r² = 0.83). The calibrated factors used 

were a K value of 0.24, an LS value of 4.77, and a C value of 0.09. 

Galindo et al. (2017) conducted a study in a 7,751 km² watershed located in the south of Mexico, 

Oaxaca, utilizing the Soil and Water Assessment Tool (SWAT) to predict erosion through the 

MUSLE. SWAT performed a hydrological balance and estimated runoff using the Curve 

Number (CN2) method, which was assigned based on soil type  and vegetation condition.  The 



 

27 

 

calibration and validation processes focused on factor P (0.8) and factor C (0.0016 to 0.2), 

resulting in  r² of 0.58 and NSE of 0.45.  

These studies demonstrate the versatility of MUSLE in varying Mexican landscapes, though 

they also underscore the need for careful calibration of factors to ensure accurate predictions. 
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CHAPTER 4.  Impacts of soil moisture and tillage on short-term erosion under high-

intensity simulated rainfall  

 

Authors: Palmira Bueno Hurtado, Ousmane Seidou, Armando López Santos 

Abstract 

Soil erosion is a natural process that can be significantly accelerated by anthropogenic activities 

like agriculture, leading to increased runoff and erosion, causing environmental and economic 

losses globally. Therefore, incorporating conservation agriculture is crucial. This research 

aimed to study the effect of tillage practices and antecedent soil moisture conditions (AMC) on 

both runoff and soil erosion by water in an arid zone of north-central Mexico using simulated 

rainfall. A randomized complete block design experiment evaluated four tillage treatments: 1) 

no crop (NC), 2) maize with conventional tillage and crop residues (CTR), 3) maize with 

conventional tillage (CT), and 4) maize sown by handspike (HS). Two AMC treatments, dry 

and wet, were also tested. ANOVA showed that dry AMC significantly reduced erosion in HS 

(p ≤ 0.01) and CTR (p ≤ 0.05) compared to wet AMC. Additionally, CT and CTR treatments 

produced the lowest erosion (p ≤ 0.05), but only under wet AMC. Similar results were observed 

for total runoff, where CTR and HS produced the lowest runoff under dry AMC. This 

underscores the important role of crop residue cover in conventional tillage, and no-tillage 

cropping in soil erosion prevention, especially when soil is dry. 

Keywords: crop residues, no-tillage, runoff, corn, arid lands.  
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4.1. Introduction 

Soil erosion imposes significant economic and environmental burdens, reducing corn yield by 

up to 65%, soil nitrogen by over 50%, organic matter by 39%, water retention by 7% to 44%, 

and infiltration by as much as 93%. Economically, replenishing lost water and nutrients in US 

agricultural lands costs about $27 billion annually, while in India, soil replacement costs $245 

million (Pimentel et al., 1995; Nkonya et al., 2016). 

While soil erosion is a natural process, human activities like agriculture, construction, and 

mining accelerate it. Agricultural practices, especially converting native vegetation to farmland 

and using conventional tillage, worsen erosion. Conventional tillage leads to 56% to 60% more 

soil loss compared to no-tillage methods. Excessive agrochemical use degrades soil health and 

pollutes water, while heavy machinery compacts soil, reducing water absorption and increasing 

runoff. These activities highlight the urgent need for sustainable land management practices 

(Swaminathan, 2006; Patil, 2018; López-García et al., 2020).    

Conventional agriculture in arid and semi-arid regions involves intensive tillage that disrupts 

soil structure and reduces organic matter, making the soil vulnerable to erosion. This issue is 

prevalent in regions like the Sahel, the Middle East, South Asia, the southwestern United States, 

Australia, and southern Europe. (FAO and ITPS, 2015; World Bank, 2019). Poor soil 

management and lack of vegetation cover exacerbate erosion and runoff, diminishing soil 

productivity and impacting water quality. Conservation agriculture practices, such as no-tillage 

and crop residues, can improve soil structure, increase water infiltration, and reduce erosion, 

promoting sustainable agriculture. 

Conservation agriculture mitigates the adverse effects of conventional farming by altering 

tillage methods and adding crop residues. No-tillage farming enhances water infiltration and 

reduces runoff, minimizing soil erosion. Crop residues act as protective barriers against 

raindrop impact, regulate soil temperature and moisture, and create a stable environment for 
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crops. This sustainable approach promotes long-term productivity and environmental 

conservation (Lal, 1995; Baker and Saxton, 2007).  

In Mexico, conservation agriculture covers only 41,000 hectares, but practices like crop 

rotation, organic matter addition, intercropping, and terracing help mitigate soil erosion, 

enhance fertility, and improve water retention. Expanding these practices could boost 

agricultural resilience and productivity (Friedrich et al., 2017; Cotler and Cuevas, 2019). 

Currently, 52% to 76% of Mexico's land suffers from water erosion, affecting agricultural 

productivity and food security, especially in states like Chihuahua, Zacatecas, Durango, San 

Luis Potosí, Tamaulipas, Aguascalientes, Sonora, and Coahuila. Addressing soil erosion 

through terracing, contour plowing, and cover crops, and promoting no-tillage is crucial for 

sustainable farming in these regions (Bolaños-González et al., 2016; Cotler et al., 2020). 

The objective of this research was to study the effect of agricultural management practices 

and antecedent soil moisture on soil erosion by water and runoff in an arid zone using 

simulated rainfall. 

 

4.2. Material and methods 

4.2.1. Study site 

Seasonal maize was planted on September 11 and 12, 2015, in the Northern Mexican settlement 

of Santo Domingo, located at 25° 49' 41.94" N and 104° 26' 18.97" W, and at an altitude of 

1750 masl (Figure 4-1). The climate of the zone is arid, and the average annual temperature 

ranges from 14 to 22 °C. The annual rainfall ranges from about 200 to 400 mm. The Reference 

Soil Group is Leptosol, with a sandy clay loam texture and soil organic carbon content of 

0.76%. 
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Figure 4-1. Location of the study 

4.2.2. Experimental design 

The treatments evaluated were dry and wet antecedent soil moisture conditions (AMC) and four 

tillage systems: 1) No Crop (NC), with no soil and vegetation movement; 2) Conventional 

Tillage (CT), with moldboard plow followed by harrowing, furrowing, and corn planting; 3) 

Conventional Tillage + Residues (CTR), which was the same as CT, but with crop residues on 

the soil surface; and 4) Handspike (HS), which consisted of no soil movement and corn planting 

using only a wooden stick. The treatments were replicated four times and arranged in a 

randomized complete block design. The scheme of the experiment is shown in Figure 4-2.  

4.2.3. Rainfall simulator 

The design of the rainfall simulator was adapted from the Miller (Miller, 1987) experiment 

(Figure 4-3). It consisted of a water supply tank, a pump with connection to three sprinklers, 

and three electric solenoid valves. The opening was controlled by a PLC (programmable logic 

controller) and three 360° spray nozzles. To regulate the flow of water to the valves, pressure 
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was monitored by three manometers. Power was supplied by the spray nozzle of a 5500 watt 

portable generator producing 110 VAC.  

 

Figure 4-2. Treatment distribution on the experimental plot (left) and dimensions of the 

experimental unit (right) 

 

 

Figure 4-3. Rainfall simulator 
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At each experimental unit, the simulator operated within a rainfall intensity range of 69 to 172 

mm/h and exhibited high spatial variability, as indicated by Christiansen's uniformity 

coefficient of 38.4% (Figure 4-4). 

 

Figure 4-4. Spatial distribution (m) of rainfall intensity induced by rainfall simulator 

4.2.4. Rainfall simulation and sampling 

Rainfall simulations took place on 1-meter-wide by 3-meter-long plots, surrounded by smooth 

galvanized sheet barriers and equipped with metal structures to gather surface runoff, from 

November 11th to 16th, 2015. Each simulation ran for 45 minutes, under varying soil moisture 

levels, specifically between 16-19% for dry antecedent moisture content (AMC) and 23-25% 

for wet AMC. The runoff water was captured in 19-liter plastic containers, and its volume was 

calculated by measuring the water's height and then multiplying this by the container's bottom 

surface area. To ensure the samples were representative, the collected runoff was stirred every 

5 minutes, from which 1-liter samples were then taken. These samples were subsequently 

filtered and oven-dried at 105°C before their weight was recorded. 

4.2.5. Erosion estimation 

The experiment should yield 9 samples of soil concentration and several water height 

measurements (depending on the number of water samples collected). However, some sediment 

samples were lost, and only water height measurements were collected. The runoff and 

sediment concentration measured during rainfall simulation are detailed in Table 4-1. 
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To estimate sediment concentration at points where concentration data could not be collected, 

we fitted the following equation to data points for each treatment (Table 4-2):  

𝐶𝑠 = 𝐴 + 𝐵𝑒
−𝐶𝑡    (Eq. 4-1) 

where A, B and C are parameters to be fitted using the least square method, and t is the time 

step; Once A, B and C are estimated for each treatment, the missing concentrations are estimated 

using the above equation and used to calculate total erosion inside the time step. 

4.2.6. Statistical analysis 

We conducted ANOVA tests (at significance levels of p ≤ 0.05 or p ≤ 0.01) to detect differences 

in cumulative soil erosion, erosion rate, total runoff and runoff rate resulting from variations in 

tillage practices and AMC. Post-hoc analysis using Tukey test was performed when necessary, 

utilizing R Studio for data analysis. In instances of completely missing data, such as runoff in 

NC replication 1 under wet AMC, and sediments in CT replication 1 under both dry and wet 

AMC, the Yates (Yates, 1933) equation was employed to estimate these values. Subsequently, 

the corresponding ANOVA was adjusted to account for the reduction in necessary degrees of 

freedom. 
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Table 4-1. Volume of water and sediment concentration (Cs) measured during rainfall simulation 

Treat. & 

time step 
Rep. 

Dry AMC Wet AMC 
Treat. & 

time step 
Rep. 

Dry AMC Wet AMC 
Treat. & 

time step 
Rep. 

Dry AMC Wet AMC 
Treat. & 

time step 
Rep. 

Dry AMC Wet AMC 

Vol. 

(L) 

Cs 

(g/L) 

Vol. 

(L) 

Cs 

(g/L) 

Vol. 

(L) 

Cs 

(g/L) 

Vol. 

(L) 

Cs 

(g/L) 

Vol. 

(L) 

Cs 

(g/L) 

Vol. 

(L) 

Cs 

(g/L) 

Vol. 

(L) 

Cs 

(g/L) 

Vol. 

(L) 

Cs 

(g/L) 

NC 5 1 14.48 16.79 nd* 3.07 CTR 10 1 36.22 1.56 65.04 0.94 CT 15 1 39.49 nd nd nd HS 20 1 58.35 nd 44.61 2.11 

NC 10 1 62.44 nd nd 2.08 CTR 15 1 55.26 0.33 71.10 0.53 CT 20 1 nd nd nd nd HS 25 1 58.62 nd 23.32 9.68 

NC 15 1 68.59 1.08 nd 1.94 CTR 20 1 54.61 0.53 74.97 0.54 CT 25 1 nd nd nd nd HS 30 1 60.41 0.50 nd 0.09 

NC 20 1 68.53 0.71 nd 1.76 CTR 25 1 70.42 0.50 71.37 0.92 CT 30 1 nd nd nd nd HS 35 1 65.57 0.38 nd nd 

NC 25 1 70.46 0.70 nd 1.58 CTR 30 1 65.71 nd 59.26 1.05 CT 35 1 nd nd nd nd HS 40 1 61.23 nd  nd 

NC 30 1 71.77 1.20 nd 3.52 CTR 35 1 75.25 0.50 74.31 1.01 CT 40 1 nd nd nd nd HS 45 1 74.94 nd  nd 

NC 35 1 73.82 0.50 nd 2.93 CTR 40 1 68.42 0.44 76.18 0.90 CT 45 1 nd nd nd nd HS 5 2 0.53 6.80 14.65 2.44 

NC 40 1 68.37 nd nd 3.27 CTR 45 1 73.13 0.33 81.10 1.06 CT 5 2 0.80 nd 2.45 10.80 HS 10 2 38.76 nd 81.25 0.55 

NC 45 1 81.56 0.46 nd 2.36 CTR 5 2 6.50 2.91 36.68 1.26 CT 10 2 27.95 1.05 44.56 0.40 HS 15 2 42.87 nd 77.28 2.97 

NC 5 2 12.48 2.32 46.20 1.80 CTR 10 2 46.33 1.16 68.50 0.72 CT 15 2 49.07 0.60 67.06 0.23 HS 20 2 52.02 nd 67.23 3.25 

NC 10 2 54.32 0.78 68.39 1.23 CTR 15 2 36.45 0.85 61.00 0.85 CT 20 2 55.30 0.07 57.25 0.08 HS 25 2 52.39 nd 77.59 0.24 

NC 15 2 53.93 0.59 65.37 1.07 CTR 20 2 50.64 0.69 70.50 0.74 CT 25 2 55.00 0.15 56.98 0.30 HS 30 2 43.18 0.50 87.97 0.27 

NC 20 2 55.19 0.22 73.79 0.58 CTR 25 2 53.81 0.68 75.87 0.37 CT 30 2 58.92 0.31 74.84 nd HS 35 2 56.95 0.38 83.16 0.12 

NC 25 2 56.31 0.46 70.44 0.50 CTR 30 2 57.90 0.56 63.64 0.16 CT 35 2 59.19 0.14 55.66 0.28 HS 40 2 54.90 0.33 84.88 0.37 

NC 30 2 61.18 0.35 71.09 0.50 CTR 35 2 50.97 0.68 78.69 0.15 CT 40 2 54.85 0.07 51.00 0.00 HS 45 2 40.94 nd 101.64 0.35 

NC 35 2 53.29 0.50 57.95 0.42 CTR 40 2 59.84 0.66 64.46 0.12 CT 45 2 71.42 nd 56.54 0.12 HS 5 3 0.00 0.00 7.71 nd 

NC 40 2 61.70 nd 82.93 0.36 CTR 45 2 62.72 0.35 96.71 0.12 CT 5 3 6.80 0.50 15.85 2.92 HS 10 3 19.41 0.74 62.40 4.46 

NC 45 2 66.23 0.13 64.73 0.36 CTR 5 3 0.00 0.00 11.82 2.43 CT 10 3 49.26 1.08 58.17 0.81 HS 15 3 34.89 1.89 68.00 0.27 

NC 5 3 17.25 4.00 12.48 2.13 CTR 10 3 34.96 1.14 62.44 1.34 CT 15 3 54.47 0.70 67.72 1.05 HS 20 3 51.55 0.50 70.00 0.75 

NC 10 3 51.96 1.02 87.72 0.61 CTR 15 3 47.46 nd 65.43 1.01 CT 20 3 54.26 0.70 76.88 0.48 HS 25 3 51.28 0.36 67.25 0.24 

NC 15 3 57.64 0.78 64.42 0.23 CTR 20 3 40.19 0.46 67.16 0.58 CT 25 3 49.30 0.54 61.12 0.27 HS 30 3 51.67 0.34 66.07 nd 

NC 20 3 60.77 nd 61.22 0.54 CTR 25 3 42.88 0.63 66.57 0.37 CT 30 3 54.33 0.58 69.73 0.71 HS 35 3 50.28 0.16 71.52 0.07 

NC 25 3 54.91 0.54 68.74 0.55 CTR 30 3 48.61 0.32 68.10 0.37 CT 35 3 57.48 0.19 68.05 0.50 HS 40 3 60.68 nd 69.08 nd 

NC 30 3 53.71 0.45 69.79 0.53 CTR 35 3 54.29 0.01 61.90 0.31 CT 40 3 59.18 0.28 67.45 0.36 HS 45 3 60.43 1.70 79.63 nd 

NC 35 3 61.16 0.44 72.16 0.46 CTR 40 3 55.61 0.27 67.09 0.42 CT 45 3 59.44 nd 71.07 0.42 HS 5 4 39.90 5.67 47.24 2.77 

NC 40 3 56.83 0.50 62.08 0.13 CTR 45 3 57.92 0.25 83.23 0.93 CT 5 4 20.13 6.40 31.16 nd HS 10 4 40.53 nd 63.35 1.87 

NC 45 3 70.99 0.49 62.08 0.25 CTR 5 4 1.07 4.76 2.73 1.04 CT 10 4 59.77 1.61 64.38 1.82 HS 15 4 71.01 1.98 63.21 1.84 

NC 5 4 27.62 nd 50.62 5.83 CTR 10 4 35.46 nd 51.28 3.57 CT 15 4 56.36 nd 64.45 0.62 HS 20 4 125.35 1.96 63.25 1.69 

NC 10 4 50.19 0.41 65.74 5.49 CTR 15 4 64.41 0.65 54.56 1.50 CT 20 4 48.95 nd 65.51 0.58 HS 25 4 75.74 nd 61.30 1.42 

NC 15 4 59.30 nd 68.05 2.23 CTR 20 4 52.58 nd 59.64 0.41 CT 25 4 117.70 0.72 68.38 0.49 HS 30 4 0.00 1.15 74.97 3.41 

NC 20 4 62.12 2.34 69.73 1.08 CTR 25 4 50.62 0.57 58.02 0.69 CT 30 4 23.87 0.52 66.71 0.89 HS 35 4 0.00 1.00 67.05 2.73 

NC 25 4 63.39 0.50 71.07 2.95 CTR 30 4 47.30 nd 61.02 nd CT 35 4 46.18 nd 68.37 0.44 HS 40 4 49.53 nd 59.88 3.17 

NC 30 4 58.61 1.16 70.75 1.39 CTR 35 4 57.87 0.50 59.98 0.57 CT 40 4 68.68 0.47 64.76 nd HS 45 4 55.25 nd 52.14 2.32 

NC 35 4 66.48 nd 67.05 1.09 CTR 40 4 53.34 0.50 57.00 0.37 CT 45 4 81.22 nd 75.05 0.37        

NC 40 4 67.37 1.59 69.39 1.13 CTR 45 4 57.94 nd 63.77 0.32 HS 5 1 9.89 6.80 34.78 6.82        

NC 45 4 80.35 1.60 62.22 1.37 CT 5 1 28.64 nd nd nd HS 10 1 47.94 nd 44.35 1.63        

CTR 5 1 3.86 3.84 66.42 0.19 CT 10 1 68.40 nd nd nd HS 15 1 60.69 nd 53.93 3.03         

*nd = no data 
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Table 4-2. Exponential models for estimating missing sediment concentration 

Table 4-2. Exponential models for estimating missing sediment concentration, where “y” is the 

sediment concentration and “x” is the time 

Treat. Rep. Dry AMC RMSE Wet AMC RMSE 

NC 1 y=0.4+50exp(-0.22x) 0.54 No missing data  

NC 2 y= 0.3+6exp(-0.22x) 0.14 No missing data  

NC 3 y= 0.46+14exp(-0.27x) 0.14 No missing data  

NC 4 y= 1.15+8exp(-0.19x) 0.97 No missing data  

CTR 1 y=0.32+10.5exp(-0.22x) 0.16 No missing data  

CTR 2 No missing data  No missing data  

CTR 3 y= 0.2+1.5exp(-0.11x) 0.43 No missing data  

CTR 4 y=0.5+16.5exp(-0.27x) 0.06 y= 0.4+8exp(-0.17x) 1.17 

CT 1 No records  No records  

CT 2 y= 0.14+5.5exp(-0.18x) 0.11 y= 0.1+65exp(-0.36x) 0.53 

CT 3 y= 0.4+1.7exp(-0.18x) 0.30 No missing data  

CT 4 y= 0.5+20exp(-0.24x) 0.33 y=0.3+15exp(-0.36x) 0.50 

HS 1 Y= 0.37+14.5exp(-0.16x) 0.05 y= 0.7+15exp(-0.15x) 3.71 

HS 2 y=0.3+13exp(-0.14x) 0.02 No missing data  

HS 3 y= 0.2+5exp(-0.20x) 1.03 y= 0.09+15exp(-0.15x) 1.03 

HS 4 y=1+11exp(-0.17x) 0.27 No missing data  

 

4.3. Results and discussion 

4.3.1. Runoff 

Tillage treatments had a statistically significant impact on total runoff, but these differences were 

observed only under DAMC and not under WAMC. Under DAMC, the NC treatment produced 

the maximum mean runoff per plot at 518.83 L, indicating poor infiltration. The CTR and HS 

treatments induced the lowest mean runoff, with 432.64 L and 429.42 L, respectively, suggesting 

that the presence of crop residues in addition to a conventional tillage and cropping on a soil with 

no-tillage improved soil structure and increased infiltration. The treatment CT did not show 

statistically significant difference from these three treatments (Figure 4-5), highlighting the 

complex interactions between soil management practices and runoff dynamics. 
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Figure 4-5. Mean total runoff for each treatment under wet and dry antecedent soil moisture conditions (AMC). 

Figure 4-5. Mean total runoff for each treatment under wet and dry antecedent soil moisture 

conditions (AMC). Different letters in dry AMC different effects promoted by tillage treatments. 

An asterisk denotes statistically higher runoff under wet AMC for the Conventional tillage + 

residues treatment. 

 

The finding that the CTR treatment resulted in less runoff compared to the NC treatment is 

consistent with other research, which has shown that surface litter significantly reduces runoff by 

enhancing water infiltration and minimizing soil crusting. For example, similar studies have 

demonstrated that surface litter can reduce runoff by 29.5% and 31.3% compared to bare soil plots 

(Li et al., 2014). Additionally, our data revealing no statistical differences between CT with or 

without residues and the HS treatment contrasts with results from Wang et al. (Wang et al., 2017) 

and Nyamadzawo et al. (Nyamadzawo et al., 2012). These studies found that wheat stubble cover 

plots produced less runoff than traditional plowing, and that conventional tillage increased runoff 

compared to conservation agriculture.  

Under wet antecedent moisture conditions (WAMC), the highest runoff was recorded in the CTR 

treatment (569.38 L) and the lowest in the CT treatment (482.12 L). However, these differences 

were not statistically significant, likely due to the soil being near saturation, which reduces the 

capacity of crop residues to enhance infiltration. When the soil is saturated, additional rainfall is 
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more likely to produce surface runoff regardless of tillage treatment. This suggests that crop 

residues are more effective in reducing runoff under dry conditions, where they can improve 

infiltration substantially, than under wet conditions. 

Regarding the effects of AMC on runoff, we observed that only the CTR treatment exhibited the 

highest runoff under wet AMC induced the highest runoff under wet AMC (Figure 4-5). This 

behaviour is consistent with findings from Zhao et al. (Zhao et al., 2015), in agricultural lands with 

rainfall simulation and Meyles et al. (Meyles et al., 2003), in a small catchment, they observed 

similar patterns as the current research. Although soil moisture variability is widely reported as a 

critical factor in runoff production (Bronstert and Bardossy, 1999), our research found that only 

one of the four tillage treatments (CTR) was significantly influenced by AMC. This suggests that 

the presence of crop residues in agricultural lands plays a crucial role in modulating runoff, 

particularly under varying moisture conditions. In other studies conducted in semiarid shrub-

steppe landscapes, bare soil surfaces exhibited higher runoff compared to other landscape types, 

but these differences were only relevant under dry soil conditions (Mayor et al., 2009), that 

suggests the crop residues can mitigate runoff more effectively in dry conditions by enhancing soil 

infiltration and reducing surface sealing. 

The analysis of variance indicated that tillage treatments had a statistically significant effect on 

runoff rate (p ≤ 0.05) under dry AMC, but not under wet AMC. These differences were observed 

only at the time step 45. Under dry AMC, the CTR treatment had the lowest runoff rate at 11.43 

mm/h at the time step 5, suggesting that the presence of residues helped to enhance infiltration 

early in the simulation. In contrast, the CT treatment exhibited the highest runoff rate with 306.80 

mm/h at the time step 25, indicating a rapid increase in runoff due to reduced infiltration capacity. 

Under wet AMC, the lowest runoff rate was 91.19 mm/h at minute 5 in the CT treatment, while 

the highest was 324.81 mm/h at the minute 45 in the CTR treatment.  The most dramatic changes 
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in runoff rate occurred within the first five to ten minutes of the simulation, highlighting the initial 

response of the soil to rainfall. After this period, the runoff rates stabilized, reflecting a balance 

between rainfall input and the soil’s infiltration capacity (Figure 4-6).  

The impacts of AMC on runoff rate showed statistically significant differences at various time 

points during the simulation. Specifically, significant differences were observed at minute 5 in HS 

treatment and at the minutes 10, 20 and 40 in CTR treatment (p ≤ 0.05 and p ≤ 0.01) (Figure 4-6).  

 
Figure 4-6. Mean runoff rates for each treatment.  

Figure 4-6. Mean runoff rates for each treatment. Asterisks indicate statistically significant 

differences (p ≤ 0.05 and p ≤ 0.01) of antecedent soil moisture conditions, while letters denote 

statistically significant differences (p ≤ 0.05) due to tillage treatments. 

Generally, runoff  increased with the time of simulation, a trend that is consistent with other studies 

using simulated rainfall on bare ground, wheat, ryegrass, and purple medic (Huang et al., 2013). 

This pattern suggests that as the soil surface becomes increasingly saturated, its ability to absorb 

additional water decreases, leading to higher runoff rates. Similarly, other researchers have 

reported comparable maximum runoff rates between conventional tillage and no-tillage 

treatments, with significant differences observed under very wet soil moisture conditions, where 

no-tillage plots showed the highest runoff rate (Wilson et al., 2004). These findings underscore the 

importance of considering both tillage practices and antecedent soil moisture conditions in soil 
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and water conservation strategies. Implementing residue cover and conservation tillage can 

effectively reduce runoff, particularly in dry conditions, while understanding the dynamics of 

runoff under varying moisture levels can help in designing more resilient agricultural systems. 

4.3.2. Erosion 

The analysis of variance detected statistical differences in cumulative soil erosion promoted by 

tillage treatments during minutes 30 – 40 under wet AMC. However, the Tukey test did not find 

significant differences between the means of these treatments. Numerically, the HS treatment 

under wet AMC resulted in the highest total erosion with 802.11 g. In contrast, under dry AMC, 

the NC treatment experienced the highest erosion at 581.34 g. The least total erosion was observed 

in the CTR treatment under dry AMC with 249.30 g, and in CT treatment under wet AMC with 

311.90 g (Figure 4-7). The high erosion observed in HS under wet conditions could be due to 

reduced soil cohesion when saturated, whereas the minimal erosion in CTR under dry AMC, and 

CT under wet AMC might be attributed to improved soil structure and reduced surface sealing. 

 

Figure 4-7. Cumulative soil erosion of the studied tillage and AMC’s treatments.  

Figure 4-7. Cumulative soil erosion of the studied tillage and AMC’s treatments. The asterisks 

denote statistical differences caused by the AMC’s, one asterisk specifies p ≤ 0.05, and two 
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asterisks indicate p ≤ 0.01. Stars indicate statistical differences (p ≤ 0.05) caused by tillage 

treatments 

Literature generally reports that no-tillage and crop residue coverage prevent soil erosion better 

than conventional tillage (Nolan et al., 1997; Diallo et al., 2008; Lanzanova et al., 2013; Biddoccu 

et al., 2020), which is only consistent in our experiment in the case of CTR under dry AMC, but 

not in the case of no tillage in HS, which produced the highest erosion. Gura et al. (Gura et al., 

2022) conducted a three-year-study on maize and soybean rotation, finding that no-till practices 

significantly increased soil organic carbon and microbial biomass carbon, reducing erosion 

susceptibility (Xiaojun et al., 2013). However, they found no significant effects from crop rotation 

and residue management. In a simulated rainfall experiment, Stašek et al. (Stašek et al., 2023) 

showed that reduced tillage and direct seeding reduced soil loss. Mhazo et al. (Mhazo et al., 2016) 

reviewed literature and found inconsistent effects of no-tillage on erosion prevention, influenced 

by environmental differences. No-tillage was more effective in temperate zones than in tropical 

regions with more consolidated soils. This highlights the importance of environmental context in 

understanding tillage impacts, as observed in our arid zone study. 

Most cited studies focus on long-term impacts because information on short-term conservation 

practices is limited. Short-term studies, typically spanning one to three years under natural rainfall, 

contrast with our 45-minute rainfall simulation. Short-term studies are crucial for understanding 

immediate effects of tillage practices and soil moisture on erosion, informing immediate 

management decisions. The lack of distinct effects from tillage treatments on soil erosion in our 

study might be due to the experiment's brief duration, unlike the observed effects of soil moisture 

conditions.  

Regarding the effects of AMC, the ANOVA detected a distinct effect (p ≤ 0.05) in the CTR 

treatment during minutes 20 – 35, with wet AMC promoting the highest cumulative erosion. Also, 

the HS treatment showed statistically significant differences (p ≤ 0.01) during minutes 35 – 45, 
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with higher erosion under wet AMC (Figure 4-7). These results suggest that dry AMC under no-

till cropping conditions and crop residue coverage led to less erosion compared to the same tillage 

treatments under wet AMC. Wet AMC likely decreases soil cohesion, making it more susceptible 

to detachment and transport by water. In contrast, dry AMC may enhance the soil’s ability to resist 

erosion due to higher shear strength and reduced pore water pressure. The presence of crop 

residues further mitigates erosion by protecting the soil surface from the direct impact of raindrops 

and reducing the velocity of surface runoff. This interplay between soil moisture and surface cover 

underscores the complexity of erosion processes. 

Soil moisture significantly influences soil’s resistance to erosion. Typically, dry soil exhibits lower 

resistance to erosion, which gradually increases with the antecedent soil moisture content. 

However, once soil resistance reaches its maximum level, it starts to decrease because the soil 

becomes saturated (Moragoda et al., 2022), reducing its shear strength and making it more prone 

to detachment and transport (Wei et al., 2019). In our current investigation, we consistently 

observed higher erosion rates under wet AMC across all tillage treatments and time steps of the 

simulation (Figure 4-8). This pattern indicates that excessive soil moisture reduces the soil's ability 

to resist erosive forces, leading to greater soil loss. The observed trends align with the theoretical 

understanding of soil moisture dynamics (Pierzynsky et al., 2005; Moragoda et al., 2022) and 

highlight the critical role of managing soil moisture to minimize erosion risks, particularly in arid 

and semi-arid regions where rainfall events can lead to rapid saturation and subsequent erosion. 
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Figure 4-8. Erosion rate of tillage and AMC’s treatments during rainfall simulation 

In another investigation, Wei et al. (Wei et al., 2007) also found that the largest amounts of soil 

erosion occurred under wet AMC in peanut and tree crops. This pattern was consistent with the 

findings of Ziadat and Taimeh (Ziadat and Taimeh, 2013), who reported significantly higher soil 

loss in wet AMC and very wet AMC in rangeland and barley crops. These studies, like ours, 

highlight the pronounced impact of soil moisture on erosion rates. The consistent observation of 

higher erosion under wet AMC across different crop types and environments underscores the 

importance of soil moisture management in preventing soil erosion. Our results align with these 

findings, as we also observed increased erosion under wet conditions across all tillage treatments. 

The similarities between these studies and our findings suggest that the relationship between soil 

moisture and erosion is robust across various agricultural contexts, reinforcing the need for 

practices that mitigate the impact of excessive soil moisture on erosion. 

The present results revealed that dry soils managed with conventional tillage plus soil covered by 

crop residues promoted the least erosion. Numerous studies have demonstrated the potential of 

surface cover to reduce soil erodibility. For example, surface residues slow down surface runoff, 

promoting infiltration and reducing the volume and velocity of water capable of causing erosion 
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(Jin et al., 2008; Mailapalli et al., 2013; Li et al., 2014). These mechanisms are essential for 

maintaining soil integrity, particularly in regions prone to high-intensity rainfall events. 

Given the consistent rainfall and soil texture throughout our experiments, general effects can be 

assumed. High rainfall intensities, as in current research (Figure 4-4), have a great impact on soil 

erosion, which was demonstrated in an investigation by Zhao et al. (Zhao et al., 2021), who 

evaluated rainfall intensity and duration ranges. They concluded that an intensity of 120 mm/h 

promoted greater erosion than a rainfall intensity of 60 mm/h under the same soil management. 

On the other hand, soil texture is one of the major factors impacting erosion (Kilinc and 

Richardson, 1973), due to its close relation to moisture retention (Magdić et al., 2022), being the 

clayey and sandy soils the least erosive (Middleton, 1930) and silty soils or fine sands are the most 

erosive (O’geen et al., 2006). Furthermore, the interplay of high rainfall intensity with soil of high 

sand levels has been associated with more erosion compared to scenarios with lower rainfall 

intensities and higher proportions of fine particles (Mrubata et al., 2024).  

With regard to the observed erosion rate, the tillage treatments showed statistical differences (p ≤ 

0.05) at minute 15 under dry AMC, where the HS treatment presented the highest erosion rate, 

while the CTR treatment showed the lowest. Under wet AMC, the ANOVA detected differences 

in erosion rates in minute 20, but Tukey test did not detect differences between the tillage 

treatments. Regarding the effects of AMC on runoff rate, the ANOVA detected differences (p ≤ 

0.01) in treatment CTR at minute 15, the dry AMC that promoted lower erosion rate. The 

interaction between soil moisture and tillage practices creates a complex dynamic where the 

protective effects of crop residues in the CTR treatment are more beneficial under dry conditions. 

The erosion rate was characterized by initially higher rates followed by a subsequent decrease, 

then it appeared to stabilize after an augmentation in soil water content (Figure 4-8). This 

stabilization phase alluded to by studies such as Lo and Lee (Lo and Lee, 2015) and Mrubata et al. 
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(Mrubata et al., 2024) is linked with phenomena like soil crusting, which although not directly  

measured in our study, it is considered to reduce infiltration and consequently to increase overland 

flow that occurred at the minute 10 of our experiment (see Figure 4-6). 

4.4. Conclusions 

Our study aimed to investigate the impact of agricultural management practices and antecedent 

soil moisture on short-term soil erosion in an arid zone of North Central Mexico using simulated 

rainfall. The comparative analysis between the studied treatments revealed several key findings. 

This research demonstrated that, in the short term, conventional tillage with or without crop residue 

cover is more effective at preventing soil erosion than no-tillage cropping, particularly under dry 

antecedent moisture conditions (AMC). In a sandy clay loam agricultural land in an arid zone of 

Mexico, dry AMC significantly reduced cumulative erosion in no-tillage cropping (HS) and in 

conventional tillage with crop residue cover, compared to their corresponding treatments under 

wet AMC.  

When considering the effects of tillage treatments on cumulative erosion, the lowest erosion was 

observed in the CT and CTR treatments, while the highest was in HS and NC treatments, but only 

under wet AMC. This finding contradicts the common notion that no-till cropping and crop residue 

cover are universally effective in preventing erosion in agricultural lands (Zhao et al., 2020; 

Pedroza-Parga et al., 2022). This discrepancy might be because these practices have a more 

significant impact on less consolidated soils than the soil studied here (Mhazo et al., 2016). 

Additionally, the short-term nature of the current investigation may have influenced the 

performance of soil management practices compared to other long-term studies. 

The erosion rate was also affected differently by AMC in the CTR treatment. Under dry AMC, the 

CTR treatment presented a lower erosion rate compared to other tillage treatments at the 15-20-

minute time steps. 
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The erosion results are consistent with runoff data. The CTR and HS treatments under dry AMC 

produced the lowest runoff, supporting the conclusion that these treatments are effective at 

reducing both erosion and runoff under dry conditions. 

Overall, the study highlights the importance of considering both tillage practices and soil moisture 

conditions when developing soil erosion prevention strategies. The effectiveness of no-till and 

crop residue cover may vary based on soil type and environmental conditions, underscoring the 

need for site-specific management practices to achieve optimal soil conservation. Future research 

should focus on long-term impacts and explore the interaction between soil consolidation and 

erosion control measures to provide more comprehensive guidelines for sustainable agriculture in 

arid regions. 
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CHAPTER 5.  Empirical and physical modeling of soil erosion in agricultural hillslopes  

 

Authors: Palmira Bueno Hurtado, Ousmane Seidou 

 

Abstract 

Soil erosion is a complex and highly heterogeneous process with a wide range of environmental 

and economic impacts. Its estimation is particularly challenging and modeling is typically used 

for erosion estimation over large areas. The aim of this study was to compare the two leading 

empirical and physical erosion estimation models, i.e. the Revised Universal Soil Loss Equation 

(RUSLE) and the Water Erosion Prediction Project (WEPP). The models were calibrated and 

validated using data collected from field experiments conducted in agricultural lands of Mexico. 

The simulated rainfall experiments involved measuring erosion from field plots subjected to 

four tillage systems (No crop, Conventional tillage, Conventional tillage + residues, and 

Handspike) under two antecedent soil moisture conditions (dry and wet). Different calibration 

approaches based on the factors K and C for RUSLE, and interrill erodibility and hydraulic 

conductivity in WEPP were tested. The best-performing methods in RUSLE involved 

measuring the K factor and adopting the recommended C factor by the National Forestry 

Commission of Mexico. In WEPP, the best results were obtained when interrill erodibility was 

estimated from experimental measurements. Overall, RUSLE outperformed WEPP in most of 

the treatments except for CT under WAMC. 

Keywords: RUSLE, WEPP, tillage systems, rainfall simulation. 
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5.1. Introduction 

Soil erosion by water occurs when raindrops cause detachment of soil particles, which are then 

transported by runoff and eventually deposited elsewhere in the landscape. While soil erosion 

is a natural process, it can be exacerbated by human activities such as agriculture, construction, 

and mining. The impacts of soil erosion can be both negative and positive. Areas with long-

term soil accumulation are typically the most fertile lands while the eroded zones have lower 

fertility and capacity for supporting life. Globally, water erosion leads to an estimated annual 

soil loss of 20-30 Gt. Erosion rates vary depending on factors such as land use and climate, 

ranging from 10-20 t ha-1 yr-1 in hilly croplands under conventional agriculture and temperate 

climate to 50-100 t ha-1 yr-1 in tropical and subtropical regions (FAO and ITPS, 2015). Soil 

erosion also has significant economic consequences, with an estimated cost of $44 billion per 

year in the United States (Pimentel et al., 1995), and a 0.43% annual loss of crop productivity 

in severely eroded agricultural lands in the European Union, amounting to EUR 1.25 billion 

(Panagos et al., 2018). Erosion is significant in agricultural lands located in semi-arid regions, 

where intense rainstorms and low soil organic matter exacerbate the erosive effects. 

Given the economic importance of soil erosion, accurate prediction over large areas based on 

precipitation data is essential. Selecting the right model for a given soil erosion process is 

critical as uncertainties are typically large in erosion modeling. For instance, the Universal Soil 

Loss Equation (USLE) and its variants are the most used erosion models but have limitations 

(Roose, 1996). USLE is based on experimental relations that can hide the effects of key 

variables which limit their replicability, also has temporal limitations because it is designed for 

long-term erosion and may not be effective in predicting short-term erosion.  USLE-type 

models provide broad estimations that are often sufficient for determining the best practices in 

land use management. Many models have been developed since 1940 and can be classified as 

empirical, physical and conceptual. The Revised Universal Soil Loss Equation (RUSLE) is the 

most applied soil erosion model worldwide due to its flexibility and accessibility. It calculates 



 

52 
 

long-term average annual soil erosion by considering factors such as rainfall-runoff erosivity, 

soil erodibility, slope length, slope steepness, land cover and management, and soil 

conservation practices (Wischmeier and Smith, 1978; Renard et al., 1991; Alewell et al., 2019). 

Empirical USLE-type models rely on statistical relationships derived from field observations.  

Alternative to empirical models are the conceptual and physical models. Physical models aim 

to describe the underlying processes and interactions, while conceptual models take an 

intermediate approach, combining empirical and physical elements (Zingg, 1940; Patil, 2018). 

Since 1940, numerous physical and conceptual models have been developed, based on the 

continuity equation for both runoff and erosion prediction. Although sharing the same root, they 

present variations in approaches and methods showing similarities and differences. 

Examples of physical models include the Areal Nonpoint Source Watershed Environment 

Response Simulation (ANSWERS) (Beasley et al., 1980), the Cellular Automaton Evolutionary 

Slope and River Model (CAESAR) (Coulthard et al., 2002), and CASC2D. Conceptual models 

encompass SWAT (Arnold et al., 1998) and WATEM/SEDEM (Notebaert et al., 2006), the 

latter being a combination of the Water and Tillage Erosion Model (WATEM), which estimates 

erosion using the Revised Universal Soil Loss Equation (RUSLE), and the Sediment Delivery 

model (SEDEM). Additionally, empirical models like EGEM (Woodward, 1999) and EPIC, 

which employs the Universal Soil Loss Equation (USLE) and Modified Universal Soil Loss 

Equation (MUSLE) to predict soil erosion (Williams, 1990), offer alternative approaches to 

erosion modeling. 

Worldwide, the most employed soil erosion and sediment yield models in descending order of 

importance are RUSLE, USLE, WEPP, SWAT, and WATEM/SEDEM, they are all based on 

USLE-type equations with the exception of WEPP (Borrelli et al., 2021). WEPP was developed 

as a replacement of empirical models. It takes a physical-based approach and offers a more 

detailed understanding of erosion processes (Flanagan et al., 2007). WEPP considers various 
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processes at both hillslope and watershed scale, offering a comprehensive perspective on 

erosion dynamics (Flanagan et al., 1995). 

 For calibrating USLE-types models, experiments are often conducted, mainly focused on 

changes of Factor C (soil surface condition) and Factor K (soil erodibility). For instance, Prado-

Hernández et al. (2017) calibrated MUSLE based on Factor K, replacing the default method 

and suggestions from FAO (Food and Agriculture Organization) with their own estimations 

obtained from regressions with the least squares method. In the case of calibrating WEPP in 

single storm mode, it is recommended for soil losses prediction, doing adjustments in erodibility 

parameters, including interrill erodibility, rill erodibility and critical shear stress (Flanagan and 

Frankenberger, 2012). In a study by Wang et al. (2022), the WEPP was calibrated modifying 

the range of values for hydraulic conductivity according to Risse et al., (1994)  and subsequently 

adjusting shear stress, rill erodibility and interrill erodibility, like the ranges of Nearing et al. 

(1990). Searching for the perfect method for calibrating environmental models is impractical 

due to uncertainties in inputs, outputs and the model structure itself. Nevertheless, to obtain 

reliable results, a robust calibration setup proves valuable, especially in cases where certain 

parameters are challenging to measure. Therefore, a carefully design in calibration process is 

essential (Mai, 2023). 

The objective of this paper is to compare the performance of RUSLE and WEPP, two widely 

used empirical and physical models, studying different calibration approaches in simulating 

erosion at a small scale. The experiment was conducted in Mexico, a country where 76% of the 

total area is affected by soil erosion by water.  
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5.2. Material and methods 

5.2.1. Experimental setup 

The experiment was conducted in the locality of Santo Domingo, Durango, México, at the 

coordinates 25° 49' 41.94" N and 104° 26' 18.97" W, with an altitude of 1750 m. a. s. l. The 

climate is arid with an average annual temperature ranging from 14 to 22 °C.  The annual 

rainfall typically falls between 200 and 400 mm. The soil in this area is classified as Leptosol, 

with sandy clay loam texture and soil organic matter of 2.31%.  

5.2.2. Rainfall simulation and sediment sampling  

To perform the simulated rainfall, we developed a rainfall simulator based on the apparatus of 

Miller (1987). The setup consisted of a water supply tank, a pump, a Programmable Logic 

Controller, three 360° nozzles, solenoid valves, manometers and hoses. To power the simulator, 

we used a portable generator of 5500 Watts (Figure 5-1). 

 
Figure 5-1. Rainfall simulator. 

The rainfall simulations were conducted from November 11 and 16, 2015. The soil moisture 

levels during these simulations ranged from 16 to 19% for DAMC and 23 to 25% for WAMC 

(Table 5). Each simulation lasted 45 minutes. We measured the rainfall intensity every minute 

using a standard pluviometer placed randomly at each plot. Every 5 minutes, we collected a 1-

liter sample from 19-liter containers after mixing the runoff collected. These samples were later 

filtered, oven-dried at 105 °C, and weighed for further analysis.  
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5.2.3. Treatments 

We set experiments under different treatments: 1. No crop (NC), without movement of soil and 

vegetation; 2. Conventional tillage (CT), with moldboard plow following by harrowing, 

furrowing and corn sowing; 3. Conventional tillage + residues (CTR) that was the same as CT 

but with crop residues on soil surface; and 4. Handspike (HS), without movement of soil and 

the corn sowing was using a wooden stick (Figure 5-2). The density of plants in CT and CTR 

was 68000 per hectare. Each treatment was replicated four times, and the experiments were 

conducted under both dry and wet antecedent soil moisture conditions (DAMC and WAMC). 

The erosion plots were delimitated with smooth galvanized sheets measuring 1 x 3 m. To 

facilitate the collection of surface runoff, a structure was installed at the lower part of each plot. 

The slope of the plots was 2.8%. In total, there were 16 plots under DAMC and 14 plots under 

WAMC because of missing data.  

 

Figure 5-2. Distribution of scenarios on the experiment and dimensions of the rainfall 

simulation plot. 

5.2.4. RUSLE parameterization 

The main equation of RUSLE is the next: 
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𝐴 = 𝑅 ∗ 𝐾 ∗ 𝐿𝑆 ∗ 𝐶 ∗ 𝑃 (Eq. 5-1) 

Where  A is the annual average soil erosion  (Mg ha-1 year-1); R is the rainfall-runoff erosivity 

factor (mm h-1 ha-1 year-1); K is the soil erodibility factor (Mg h-1 MJ-1 mm-1); L is the slope 

length factor (dimensionless); S is the slope steepness factor (dimensionless); C is the land cover 

and management factor (dimensionless), and P is the soil conservation or prevention practices 

factor (dimensionless). All the factors were considered in this study, with exception of P factor, 

which value was equal to 1. 

5.2.4.1. Calculation of R-factor 

Renard et al. (1997) recommended calculating the R factor with equation 5-2. 

𝑅 =
Σ𝑖=𝐼
𝑗
 (𝐸𝐼30)𝑖

𝑁
  (Eq. 5-2) 

Where R is the rainfall erosivity (M.J. mm-1 ha-1 h-1 year-1); N is the number of years of 

observations; E is the kinetic energy (M.J. ha-1), and I30 is the maximum intensity in 30 minutes 

for storm i; j is the number of storms in N years. The suggested value of kinetic energy by 

Renard et al., (1997) is 0.283 MJ ha-1 mm-1 for rainfall intensities greater than 76 mm h-1, the 

mean measured rainfall intensity was 152 mm h-1. The maximum measured rainfall intensity 

was assumed as the I30, which was 352 mm h-1. In this research, the resulted R factor was 99.61 

MJ mm-1 ha-1 h-1. 

5.2.4.2. Calculation of K-factor 

We calculated K factor based on a nonlinear relationship (Eq. 5-3) developed by Wang et al. 

(2016).  

𝐾 = 0.0667 − 0.0013 [ln (
𝑆𝑂𝑀

𝐷𝑔
) − 5.6706]

2
− 0.015  exp [−28.9589((log𝐷 𝑔) + 1.827)

2
]     (Eq. 

5-3) 

𝐷𝑔 = exp(0.01 ∙ Σ𝑖=1
𝑛 𝑓𝑖 ln𝑚𝑖)     (Eq. 5-4) 
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Where Dg is the geometric mean diameter (mm); fi is the weight of the particle size fraction, 

mi is the arithmetic mean of the particle size (mm), and n is the number of particle size fractions; 

SOM is the soil organic matter in %. The calculated K factor in the current study was 0.059 t 

ha-1 h-1/ha MJ-1 mm-1 for all the scenarios because the equation considered SOM and Dg that 

were the same throughout the experiment. 

5.2.4.3. Calculation of LS-factor 

We used the equations 5-5 to 5-9 for calculating the LS factor. 

𝐿 = (
𝜆

22.1
)
𝑚

         (Eq. 5-5) 

Where 22.1 is the RUSLE unit plot length (m); m is a variable slope-length exponent, λ is the 

horizontal projection of the plot length, which was 3 meters in this case.  

The values of "m" exponent were 0.172 for conventional tillage and 0.454 for no till scenarios. 

These were obtained from the Table 2 of a research of McCool et al. (1989). 

To calculate the slope steepness factor (S) we used the equations 5-6 and 5-7, for 

conventional tillage and no tillage scenarios, respectively (McCool et al., 1997). 

𝑆 = 10.8 sin 𝜃 + 0.03 s<9% (Eq. 5-6)     

𝑆 = 16.8 sin 𝜃 − 0.50 s≥9% (Eq. 5-7)   

5.2.4.4. Calculation of C-factor 

The C factor was obtained using the Eq. 5-8, we considered the conditions did not change 

rapidly, so EI was not in the calculation. The most subfactors of C are listed in Table 5-1. 

𝑆𝐿𝑅 = 𝑃𝐿𝑈 ∙ 𝐶𝐶 ∙ 𝑆𝐶 ∙ 𝑆𝑅 ∙ 𝑆𝑀  (Eq. 5-8) 

PLU is the prior land use, CC is the canopy cover, SC is the surface cover, SR is the surface 

roughness, and SM is the soil moisture. 

The PLU includes the subsurface residual and tillage practices effects from the previous crop. 

𝑃𝐿𝑈 = 𝐶𝑓 ∙ 𝐶𝑏 ∙ exp [(−𝑐𝑢𝑟 ∙ 𝐵𝑢𝑟) + (
𝑐𝑢𝑠∙𝐵𝑢𝑠

𝐶𝑓
𝑐𝑢𝑓

)]  (Eq. 5-9) 
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Where PLU ranges from 0 to 1, Cf is a soil consolidation factor (dimensionless), Cb is  the 

effectiveness of subsurface residue in consolidation, Bur is the mass density of roots (kg ha-1 

cm-1), Bus is the mass density of incorporated residues (kg ha-1), cuf is the impact of soil 

consolidation, Cur and Cus  are calibration coefficients. The prior land use (PLU) and the b value 

of surface cover subfactor (SC) were the same for all treatments, 0.45 and 0.030, respectively. 

The Cf was 0.45 because is the default value for undisturbed soil, the Bu, Bur, Bus, Cb, cur, cus, cuf 

were not considered in the equation. 

The canopy cover effect is represented by equation 5-10. 

𝐶𝐶 = 1 − 𝐹𝑐 ∙ exp(−0.1 ∙ 𝐻)  (Eq. 5-10) 

Fc is the fraction of area covered by the canopy, and H is the distance that drops have to travel 

on the plant to reach the soil.  

The % of canopy cover was estimated based on Equation 5-10 but with modifications proposed 

by Roloff and Bertol (1998). The relationship is presented in equation 5-11.  

𝐹𝐶𝑑 = (1 − 𝑒
−𝜀𝐵𝑚𝑑)𝛿          (Eq. 5-11) 

Where FCd is the soil fraction covered by canopy, Bmd  is the above-ground biomass in kg ha-1, 

δ and ε are parameters according to a specific crop, in corn, δ is 0.67 and ε is 1.5 x 10-3.  

The surface cover subfactor SC accounts for everything on soil, such as crop residue, rocks, etc. 

The effect of SC is given by Eq. 5-12 (Yoder et al., 1997).  

𝑆𝐶 = exp [−𝑏 ∙ 𝑆𝑝 ∙ (
0.24

𝑅𝑢
)
0.08
]   (Eq. 5-12) 

Where b is a coefficient of the effectiveness of surface cover. This varies from 0.030 to 0.070 

in row crops; Sp is the percentage of covered area, Ru is the surface roughness.  
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The higher the b, the more significant the rill erosion. Large b corresponds to steep and/or long 

slopes.  In contrast, the b value decreases if interrill erosion is more significant than rill erosion, 

common in flat and/or short slopes. b is also influenced by soil texture and soil cover.  

The area covered by residue was obtained with Eq.5-13. 

𝑆𝑝 = [1 − exp(−𝛼 ∙ 𝐵𝑠)] ∙ 100         (Eq. 5-13) 

Where α is the ratio of covered area and the mass of the residue, Bs is the dry weight of residue. 

The surface roughness was calculated using the Eq. 5-14 (Yoder et al., 1997). 

𝑆𝑅 = exp[−0.66(𝑅𝑢 − 0.24)]    (Eq. 5-14) 

Where Ru is the roughness before the tillage operation.  

The soil moisture subfactor (SM) was obtained applying equation 5-15, considering the soil 

moisture, field capacity, and wilting point calculated with Eq. 5-16 and Eq. 5-17.  

The soil moisture is near to 1.0 if the water content is close to field capacity. In contrast, a value 

of 0 indicates that soil moisture is near to the wilting point. Lianes Revilla (2008) proposed the 

following equation for SM: 

𝑆𝑀 =
𝑀−𝑊𝑃

𝐹𝐶−𝑊𝑃
                     (Eq. 5-15) 

Where M is the soil moisture (dimensionless); W.P. is the wilting point (%), and F.C. is the 

field capacity (%). 

There are several approximations to obtain field capacity and wilting point considering the 

particle sizes of soil, as the equations proposed by Smith (1917) for field capacity (Eq. 5-16) 

and Silva et al. (1988) for wilting point (Eq. 5-17). Both were used in the present research. 

FC = 0.1(% sands) + 0.15(% silt) + 0.61(% clay) (Eq. 5-16) 
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WP = FC * 0.74-5 (Eq. 5-17) 

Table 5-1. Subfactors used to calculate C factor in RUSLE for all the scenarios. 

Scenario Ra Rbb 
Ccc    

(%) 

AFHd 

(m) 

Rue 

(cm) 

RCf 

(%) 

VRCg 

(%) 

SM 

dryh 

SM 

weti 

No crop 

1    1.68 1.66 0.00 0.20 0.92 

2    ndj   0.25 0.81 

3    nd   0.30 0.90 

4    1.93   0.45 0.90 

Cinventional tillage + 

residues 

1 48.88 3.32 0.26 1.27  23.33 0.31 0.98 

2 44.61 3.04 0.20 1.50  29.17 0.20 0.89 

3 
111.1

4 
7.31 0.48 1.45 1.66 35.00 0.40 0.89 

4 15.35 1.06 0.18 1.50  29.17 0.39 0.90 

Conventional tillage 

1 97.09 6.43 0.34 1.12 3.33  0.20 0.92 

2 55.93 3.79 0.32 1.70   0.28 0.90 

3 19.75 1.36 0.18 1.91   0.44 0.90 

4 33.68 2.31 0.29 1.09   0.44 0.90 

Handspike 

1 64.42 4.34 0.23 1.78   0.20 0.86 

2 38.67 2.64 0.25 1.85   0.28 0.94 

3 9.23 0.64 0.20 2.36   0.20 0.90 

4 28.54 1.96 0.26 1.42   0.47 0.90 
a Replication. b Root biomass. c Canopy cover. d Average fall height. e  Roughness; f Rock cover; g 

Vegetative residue cover. h Soil moisture subfactor under DAMC. i Soil moisture subfactor under 

WAMC. j No  data. 

 

5.2.5. WEPP parameterization 

There are three modules of parameters in WEPP: weather, management and soil. The next 

paragraphs describe how we parameterized them. 

In the single storm mode, the data for the weather module were 114.28 mm of storm amount, 

0.75 of duration, 182.14 mm h-1 of maximum intensity, which was the maximum value 

registered of the mean, and 51 of duration to peak intensity.  

Regarding the management parameterization, some parameters were measured, and others 

calculated from equations found in literature, some were not applicable, and they were left blank 

or with zero. WEPP has two groups of parameters in the management section, these are initial 

conditions and plant databases. The initial conditions are listed in Table 5-2, the canopy cover 
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was estimated with the equation 11. The rill and interrill cover, ridge height and roughness were 

measured with a pin meter. The plant database is organized in plant growth and harvest, 

temperature and radiation, canopy, LAI (Leaf Are Index) and root, senescence, residue, and 

other. The biomass energy ratio and the parameter value for canopy height equation was 

obtained from the WEPP manual, as well as the base daily air temperature, optimal temperature 

for plant growth, radiation extinction coefficient which were 10, 25 and 0.65°C, respectively 

(Arnold et al., 1995; Flanagan and Livingston, 1995). The maximum canopy height was 

measured at field. The parameter of flat residue cover was based on investigations of Gregory 

(1982), he studied different types of residues, for corn he obtained 0.0004 ha kg-1. This applied 

just for the treatment CTR. To obtain the growing degree days to emergence on October 1, 

2015, we used the recorded temperature from a weather station located in the site of study 

applying the equation 5-18 (Abendroth et al., 2011). 

𝐺𝐷𝑈 = (
𝑇𝑚𝑎𝑥+𝑇𝑚𝑖𝑛

2
) − 10 (Eq.5-18)            

Where GDU is the growing degree units,  Tmax is the maximum temperature, in this case was 

29.2 oC, Tmin is the minimum temperature, it was 8.6 oC. The number 10 is the base temperature 

of corn. To estimate the growing degree days for the growing season, the same equation was 

applied but adding all the days of the crop cycle.
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Table 5-2. Parameters of initial conditions and plant database in management module of WEPP 
Scenario NCa CTRb CTc HSd 

Replication I II III IV I II III IV I II III IV I II III IV 

Bulk density (g cm-3) 1.5 

Canopy cover (%)     
  

3 3.3 7.3 1.1 6.4 3.8 2.3 1.4 4.3 2.6 0.6 2 

Rill cover (%)     
  

48 15 11 21 
       

  

Interrill cover (%)     
  

36 15 33 38 
       

  

Ridge height (cm)     
  

4 4.3 4.3 5.7 3.7 4.7 6 4 
   

  

Roughness (cm) 1.7 1.2 1.7 2 1.3 1.5 1.5 1.5 1.1 1.7 1.9 1.1 1.8 1.9 2.4 1.5 

Rill spacing (cm)     
  

49 

Rill width (cm)     
  

60 
   

  

Depth of primary tillage (cm)     
  

15 
   

  

Depth of secondary tillage (cm)     
  

10 
   

  

Biomass energy ratio (kg MJ-1)     
  

28 

Growing degree days to emergence (°C)     
  

8.9 

Growing degree days for growing season (°C)     
  

266 

In-row plant spacing (cm)     
  

49 

Stem diameter at maturity (cm)     
  

2.7 

Parameter value for canopy height equation 3 

Maximum canopy height (cm)     
  

20 27 49 19 34 33 29 19 24 25 21 26 

Maximum root depth (cm)     
  

15 

Root to shoot ratio     
  

0.2 

Percent of growing season when leaf area index starts to decline     
  

50 

Period over which senescence occurs     
  

10 

Percent canopy remaining after senescence     
  

30 
       

  

Percent of biomass remaining after senescence     
  

20 
       

  

Parameter for flat residue cover equation (m2 kg-1)     
  

4 
       

  

Ridge height value after tillage (cm)     
  

4 4.3 4.3 5.7 3.7 4.7 6 4 
   

  

Ridge interval (cm)     
  

49 
   

  

Random roughness value after tillage (cm) 1.7 1.2 1.7 2 1.3 1.5 1.5 1.5 1.1 1.7 1.9 1.1 1.8 1.9 2.4 1.5 

Mean tillage depth (cm)     
  

10 
   

  

Optimum yield under no stress conditions (kg m-2)     
  

0.8 
a No crop. b Conventional tillage + residues. c Conventional tillage. d Handspike. 
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The percent of growing season when LAI starts to decline was 50%, the period over which 

senescence occurs was fixed to 105 days, just through observing LAI and phenology of a four-

month corn crop (Boedhram et al., 2001; Sacks and Kucharik, 2011). 

In the soil module, the values for Cation Exchange Capacity (CEC), albedo, effective hydraulic 

conductivity, organic matter, sand and clay were 18, 0.23, 0.84 mm h-1, 2.31%, 47%, 27%, 

respectively. The equation to determine the soil albedo (Eq. 5-19) was proposed by Baumer 

(1990). 

𝑆𝐴𝐿𝐵 =
0.6

𝑒0.4∙𝑂𝑀
 (Eq. 5-19) 

Where OM is the percentage of soil organic matter. 

To estimate the effective hydraulic conductivity, the default method was applied (Eq. 5-20) 

for all the scenarios (Alberts et al., 1995). It was 9.84 mm h-1. 

    𝐾ℎ𝑐 = −0.265 + 0.0086(𝑠𝑎𝑛𝑑)
1.8 + 11.46𝐶𝐸𝐶−0.75 (Eq. 5-20) 

Other parameters like rock cover, and initial saturation level varied for each scenario. The 

coverage of soil by rocks was measured with a pin meter, and the initial saturation level with 

the oven drying method (Reynolds, 1970). 

The flow and erosion parameters are enclosed in the soil module also, we assumed as negligible 

the rill erodibility and critical shear due to the dimensions of the plots, thus we set the rill 

erodibility to 0.002 s m-1 and the critical shear stress to 1x10-7 Pa. The interrill erodibility was 

set automatically to 5300000 kg s-1 m4, which was then adjusted by WEPP according to canopy 

effects, ground cover and slope. 

5.2.6. Evaluation of model performance 

To evaluate the performance of RUSLE and WEPP, we selected the Nash-Sutcliffe efficiency 

index (NSE), the coefficient of determination (r2) and percent bias (PBIAS). The equations are 

next: 
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𝑟2 =

(

 
 ∑ (𝑂𝑖−𝑂)(𝑃𝑖−𝑃)

𝑛
𝑖=1

√∑ (𝑂𝑖−𝑂)
2𝑛

𝑖=1
√∑ (𝑃𝑖−𝑃)

2𝑛
𝑖=1

)

 
 

2

 (Eq. 5-21) 

Where r2 is the coefficient of determination, Oi is each of i observations, Pi is each of i predicted 

data, Ō is the mean of observed data, is the mean of predicted data and n is the number of total 

observations. 

𝑁𝑆𝐸 = 1 −
∑ (𝑂𝑖−𝑃𝑖)

2𝑛
𝑖=1

∑ (𝑂𝑖−𝑂)
2𝑛

𝑖=1

         (Eq. 5-22) 

Where NSE is the Nash-Sutcliffe efficiency index, Oi is each of i observations, Pi is each of i 

predicted data, Ō is the mean of observed data, and n is the number of observations. 

𝑃𝐵𝐼𝐴𝑆 = (
∑ (𝑌𝑖𝑜𝑏𝑠−𝑌𝑖𝑠𝑖𝑚)
𝑛
𝑖=1 ∙(100)

∑ (𝑌𝑖𝑜𝑏𝑠)
𝑛
𝑖=1

) (Eq. 5-23) 

Where PBIAS is the deviation of evaluated data (%), Yiobs is the observed data, Yisim is the 

simulated data, and n is the total of observations.     

According to Moriasi et al. (2007) the performance of hydrological models is satisfactory when 

NSE is 0.50 or greater and PBIAS is 55% or lower for sediments. 

5.2.7. Calibration and validation 

We implemented new methods dividing the observed erosion in two groups, one for calibration 

and another for validation. The calibrated parameters were then considered in the validation 

phase. 

5.2.7.1. RUSLE calibration 

We focused just on changing the methods for calculating factors K and C during the calibration 

of RUSLE, keeping the methods of the other factors in the model unchanged. The new methods 

applied included the “measurement method” for estimating factor K and “expert suggestions” 

for factor C. These additional methods were combined with the ones originally used, resulting 

in four sets to calibrate RUSLE. Table 5-3 presents such sets, being the first, the methods also 

used in uncalibrated RUSLE. The estimated K and C factors are listed in Table 5-4. 
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The measurement method was based on the equations 5-24 and 5-25. 

𝑎𝑢 =
𝑎𝑓

𝐿𝑓𝑆𝑓𝐶𝑓𝑃𝑓
 (Eq. 5-24)  

𝐾 =
Σ𝑗=1
𝑛 (𝑎𝑢)

Σ𝑗=1
𝑛 (𝐸𝐼)𝑗

 (Eq. 5-25)  

Where au is the estimated soil loss for a specific EI; af is the measured soil loss; Lf, Sf, Cf, and 

Pf are the other factors of USLE for a given plot (Foster et al., 1981).  

In estimation of C factor, we considered expert suggestions from CONAFOR (2010), who 

proposed the following empirical values: 0.80 in CT, 0.15 in HS and 0.20 in CTR; they did not 

include no cropping, thus we used the mean of DAMC and WAMC obtained with the Eq. 5-8.   

5.2.7.2. WEPP calibration 

For calibrating WEPP, we changed the methods only for estimating the parameters interrill 

erodibility and effective hydraulic conductivity. We combined these new methods resulting in 

three sets for calibrating WEPP (Table 5-3) 

We calculated the interrill erodibility (Table 5-5) with the Eq. 5-26 of Liebenow et al. (1990) 

and the effective hydraulic conductivity with the Eq. 5-27 (Ferrer Julià et al., 2004) for all the 

scenarios and Eq.  5-28 just for the CTR and CT (Alberts et al., 1995). 

𝐾𝑖 =
𝐷𝑖

𝐼2(1.05−0.85exp−4sin∅)
 (Eq. 5-26) 

Where Ki is the interrill erodibility in kg s-1 m4, Di is the interrill erosion rate in kg m-2 m-1, I is 

the rainfall intensity in m s-1, and ø is the slope angle in radians. 
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Table 5-3 Methods used to estimate the parameters in calibration and validation of RUSLE and WEPP. 

Set 

RUSLE WEPP 

K Factor C Factor 
Interrill erodibility Effective hydraulic 

conductivity 

1 Eq. 3 of Wang et al. (2016). 

 

𝐾 = 0.0667 − 0.0013 [ln (
𝑆𝑂𝑀

𝐷𝑔
) − 5.6706]

2

− 0.015  exp [−28.9589((log𝐷 𝑔)

+ 1.827)
2
] 

Default. 

Eq. 8 

 
𝑆𝐿𝑅 = 𝑃𝐿𝑈 ∙ 𝐶𝐶 ∙ 𝑆𝐶 ∙ 𝑆𝑅 ∙ 𝑆𝑀 

Eq. 26 of Liebenow et 

al. (1990) 

 

𝐾𝑖 =
𝐷𝑖

𝐼2(1.05 − 0.85exp−4sin∅)
 

Default. 

Eq. 28 of Alberts et al. (1995) 

for fallow conditions 

 
𝐾𝑒𝑓 = 1.17 + 7.2(𝑠𝑎𝑛𝑑) 

 

2 Measurement method. 

Eq. 25 

 

𝐾 =
Σ𝑗=1
𝑛 (𝑎𝑢)

Σ𝑗=1
𝑛 (𝐸𝐼)𝑗

 
Same as Set 1 Same as Set 1 

Eq. 27 of Ferrer Julià et al. 

(2004) 

 
𝐾𝑠 = −4.994 + 0.56728 ∙ 𝑠𝑎𝑛𝑑

− 0.131 ∙ 𝑐𝑙𝑎𝑦
− 0.0127
∙ 𝑜𝑟𝑔.𝑚𝑎𝑡 

3 Same as Set 1 Expert suggestions 

Same as Set 1 

Default. 

Eq. 20 of Alberts et al. (1995) 

just for all conditions 

 
𝐾ℎ𝑐 = −0.265 + 0.0086(𝑠𝑎𝑛𝑑)

1.8

+ 11.46𝐶𝐸𝐶−0.75 

4 Same as Set 2 Expert suggestions Same as Set 1  
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Table 5-4. Factors used in calibration and validation of the RUSLE 

Table 5-4. Factors used in calibration and validation of the RUSLE. R and P factors are equal in all 

treatments and replications. R = 99.6; P = 1.2 

Set Treat. Rep. LS 
C K 

Dry AMC Wet AMC Dry AMC Wet AMC 

1 

NCa 1 - 4 0.31 0.10 0.42 

0.06 
CTRb 1 - 4 0.24 0.04 0.16 

CTc 1 - 4 0.24 0.10 0.28 

HSd 1 - 4 0.31 0.07 0.29 

2 

NC 

1e 

0.31 

0.06 ndh 2.17 nd 

2e 0.13 0.42 0.24 0.15 

3f 0.10 0.42 1.20 0.15 

4f 0.10 0.42 1.20 0.15 

CTR                                    

1e 

0.24 

0.03 0.14 1.55 0.65 

2e 0.06 0.18 0.99 0.28 

3f 0.04 0.16 1.27 0.47 

4f 0.04 0.16 1.27 0.47 

CT 

1 

0.24 0.09 0.28 

nd nd 

2e 0.23 0.07 

3f 0.23 0.07 

4f 0.23 0.07 

HS 

1e 

0.31 

0.06 nd 1.15 nd 

2e 0.09 0.29 0.41 0.32 

3f 0.07 0.29 0.78 0.32 

4f 0.07 0.29 0.78 0.32 

3 

NC 

 

1 

0.31 

0.18g nd 

0.06 

2 0.27g 

3 0.23g 

4 0.23g 

CTR 1 - 4 0.24 0.20 

CT 1 - 4 0.24 0.80 

HS 1 - 4 0.31 0.15 

4 

NC 

1 

0.31 

0.18g nd 0.76 nd 

2 0.27g 0.11 0.22 

3 0.23g 0.44 0.22 

4 0.23g 0.44 0.22 

CTR 

1 

0.24 0.20 

0.25 0.47 

2 0.28 0.25 

3 0.26 0.36 

4 0.26 0.36 

CT 

1 

0.24 0.80 

nd Nd 

2 0.03 0.03 

3 0.03 0.03 

4 0.03 0.03 

HS 

1 

0.31 0.15 

0.47 Nd 

2 0.24 0.62 

3 0.35 0.62 

4 0.35 0.62 
aNo crop. bConventional tillage + residues. cConventional tillage. dHandspike. eReplications 

used in calibration. fReplications used in validation. gNo experts suggestions available, the 

default method was applied. hNo data. 



 

68 
 

𝐾𝑠 = −4.994 + 0.56728 ∙ 𝑠𝑎𝑛𝑑 − 0.131 ∙ 𝑐𝑙𝑎𝑦 − 0.0127 ∙ 𝑜𝑟𝑔.𝑚𝑎𝑡 (Eq. 5-27) 

 Where Ks is the hydraulic conductivity in mm h-1, sand, clay and org.mat are in percentage.  

𝐾𝑒𝑓 = 1.17 + 7.2(𝑠𝑎𝑛𝑑) (Eq. 5-28) 

Where Kef is the hydraulic conductivity for fallow conditions in mm h-1. 

The resulted hydraulic conductivity was 18. 10 mm h-1 applying the equation 5-27, and 7.19 

mm h-1 with the equation 5-28. 

Table 5-5. Interrill erodibility and initial saturation level used in calibration and validation 

of WEPP for both Dry and Wet Antecedent Soil Moisture conditions (DAMC and 

WAMC). 
Treatment & 

Replication 
Interrill erodibility 

(kg m-4 s-1) 

Int. sat.  

(%) 

DAMC NCa       1e 232597.91 16.19 

 2e 51803.65 16.85 

 3f 142200.78 17.4 

 4f 142200.78 19.08 

CTRb     1e 63875.37 16.19 

 2e 72618.16 17.56 

 3f 68246.76 18.52 

 4f 68246.76 18.48 

CTc      2e 27088.93 17.21 

 3e 57633.29 18.99 

 4f 42361.11 18.98 

HSd       1e 117446.29 16.19 

 2e 60327.99 17.21 

 3f 88887.1083 16.28 

 4f 88887.1083 19.38 

WAMC NC      2 102210.90 23.32 

 3 102210.90 24.39 

 4 102210.90 24.36 

CTR     1 121300.76 24.28 

 2 64445.72 25.33 

 3 92873.24 24.24 

 4 92873.24 24.32 

CT       2 26609.36 24.32 

 3 84752.14 24.37 

 4 55680.75 24.36 

HS        2 154591.55 24.80 

 3 154591.55 24.33 

 4 154591.55 24.35 

    
 a No crop. b Conventional tillage + residues. c Conventional tillage. d Handspike. 
eReplications used in Calibration. fReplications used in validation. 
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5.3. Results and discussion 

5.3.1. Performance of RUSLE 

The uncalibrated RUSLE exhibited good performance in treatments of CT and HS under 

DAMC and NC, CT, and HS under WAMC, where the r2 was high (more than 0.70). During 

calibration, RUSLE performance improved in CT under WAMC using method 1, and in all 

treatments using methods 2 and 4, as these methods incorporated observed erosion data into 

their calculations. Later, during validation, RUSLE exhibited good performance (with 

PBIAS from -43.98% to 49.19%) in all treatments using different methods. Methods 2 and 4 

generally yielded the best performances, except for CT under the two AMC’s, where method 

3 outperformed the others (see Table 5-6). 

Table 5-6. Statistics of performance for uncalibrated, calibrated and validated RUSLE for 

both Dry and Wet Antecedent Soil Moisture conditions (DAMC and WAMC). 

  
Uncalibrated 

Calibration Validation 

 1 2 3 4 1 2 3 4 

Dry AMC 

No crop 

NSE -2.97 -2.23 1 -1.86 1 -5.51 -1.26 -4.44 -0.35 

PBIAS 91.33 93.25 0 84.19 0 92.91 -44.39 83.40 -23.26 

r2 0.49 naa na na na na na na na 

Conventional tillage + residues 

NSE -16.86 -219.86 1 -146.8 1 -11.69 -2.59 -6.53 -1.65 

PBIAS 93.62 95.06 0 77.61 0 93.32 -43.98 69.75 -35.08 

r2 0.03 na na na 1 na na na na 

Conventional tillage 

NSE -2.26 na na na na -7.46 -4.17 -0.78 -4.17 

PBIAS 85.17 74.55 0 -125.66 0 92.08 68.85 29.70 68.85 

r2 0.93 na na na na na na na na 

Handspike 

NSE -2.56 -8.24 1 -6.73 1 -2.92 -0.33 -2.60 -0.46 

PBIAS 92.11 91.73 0 83.32 0 94.87 31.74 89.59 37.59 

r2 0.74 na na na 1 na na na na 

Wet AMC 

No crop 

NSE -1.25 na na na na -1.32 -0.50 -1.65 -0.69 

PBIAS 77.35 59.82 0 73.62 0 79.58 49.19 88.84 57.71 

r2 0.99 na na na na na na na na 

Conventional tillage + residues 
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NSE -16.73 -8.13 1 -7.45 1 -161.76 -0.30 -150.81 -1.23 

PBIAS 88.76 86.82 0 83.54 0 87.83 3.78 84.80 7.65 

r2 0.23 na na na 1 na na na na 

Conventional tillage 

NSE -2.07 na na na na -41.77 -36.46 -9.28 -36.46 

PBIAS 68.57 18.41 0 -129.73 0 77.45 72.37 36.52 72.37 

r2 0.79 na na na na na na na na 

Handspike 

NSE -3.52 na na na na -3.24 -0.31 -3.75 -0.31 

PBIAS 85.44 81.49 0 90.41 0 86.45 26.78 92.98 26.78 

r2 0.79 na na na na na na na na 
a Not applicable. 

The good performance of uncalibrated RUSLE may be questionable due to the calculation of 

r2 using 4 replications, a small number of data points. In this context, it is prudent to consider 

the other two statistics available, NSE and PBIAS. Both NSE and PBIAS indicated poor 

model performance, with negative values for NSE and PBIAS exceeding 55% in all 

treatments. 

The calibration of RUSLE aimed to enhance model performance by changing parameter 

values for further validation. Table 5-4 lists the calibrated and validated parameters, which 

varied depending on the method used and treatments.  

For the validated K factor, it was evident that methods 2 and 4 consistently produced K values 

with the best performance across all treatments, except for method 3. Method 3 exhibited 

good performance specifically in CT under both AMC’s. Notably, method 4 generally 

produced lower K values compared to method 2, except in the case of NC under DAMC. 

Regarding the influence of AMC on K values, we observed they were generally lower under 

WAMC compared to DAMC. This suggests a higher resistance to erosion when the soil is 

moist, leading to lower soil erodibility. In terms of tillage treatments, there was no clear trend 

observed in K values. The influence of tillage treatment on K factor varied across different 
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scenarios, indicating that the impact of tillage practices on soil erodibility may be complex 

and context-dependent.  

For the validated C factor, Method 4 generally yielded larger values of the C factor across all 

treatments, except for in CT under both AMC's, where Method 3 produced the highest C 

value recorded in the study, reaching 0.80. Additionally, in the case of HS under wet AMC, 

Method 2 also resulted in a higher C value compared to Method 4. 

Additionally, the C values were generally higher under WAMC compared to DAMC in most 

treatments that may indicate a higher susceptibility to erosion when the soil is moist. Notably, 

Method 2 exhibited sensitivity to AMC, with C values being higher under WAMC compared 

to DAMC, which was not observed with other methods. Also, the highest value of C factor 

emerged in CT (with method 3 under both AMC’s), while the lowest value occurred in CTR. 

In other studies applying the RUSLE, researchers have obtained wide ranges of model 

performances. Spaeth et al. (2003), similar to the current study, reported negative and low 

values of NSE for experiments conducted in U.S. with natural vegetation and rainfall 

simulation. The best performance happened under DAMC. The methods used to calculate K 

factor included the nomograph and the NRCS, while the estimation of C involved field 

measurements and values derived from the best fitting of a relation of vegetation with root 

mass, production potential and soil roughness. These results contrasted with ours as the best 

performance statistics were observed under WAMC, also the methods involved in calculation 

of factors were different. 

Other study conducted by Biddoccu et al. (2020) in vineyards of Europe showed negative 

values of NSE as low as -33.69, similar to the present research, but the authors obtained 

positive values as high as 0.84. These investigators also achieved an r2 from 0.14 to 0.83, a 

statistic that we could not calculate in validation here due to few replications. Their best 
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results were obtained under CT, where the K factor (0.025 to 0.064 t ha-1 h-1/ha MJ-1 mm-1) 

was calculated using a nomograph constant based on a model proposed by Borselli et al. 

(2012), and C factor (0.13 to 0.54) applying default equation. 

In a watershed study in India, Das et al., 2021 simulated erosion using RUSLE, achieving an 

NSE of 0.73. The watershed comprised 26.4% agriculture lands and scrubland, with slopes 

ranging from 0 to 8% and sandy clay loam soil texture in those areas. The mean K factor was 

0.18 t ha-1 h-1/ha MJ-1 mm-1, derived from a modification of the nomograph method. The C 

factor ranged between 0.50 and 1, calculating it with the NDVI as suggested by van der Knijff 

et al. (2000). Comparing our results, the closest K factor value to theirs was 0.15, occurring 

in NC under WAMC, calculated with the measurement method (PBIAS= 49.19%). Similarly, 

our closest C factor values to theirs were 0.42 and 0.80, observed in NC under WAMC 

(PBIAS= 49.19%, obtained with the default method), and in CT under both DAMC and 

WAMC, respectively. The latter was determined using methods 3 (PBIAS=29.70% under 

DAMC and PBIAS= 36.52% under WAMC) and 4 (PBIAS=68.85% under DAMC and 

PBIAS= 72.37% under WAMC). 

In a one-year study conducted by Vieira et al. (2018) with natural rainfall on post-fire soils 

in Portugal, researchers calculated K factor (0.017 t ha-1 h-1/ha MJ-1 mm-1) using the 

nomograph method and the C factor (0.13) using an equation proposed by Borrelli et al. 

(2016), which provided specific values for disturbed lands. The RUSLE predicted soil loss 

with a NSE of 0.70, r2 of 0.89 and PBIAS of -20.1, indicating good model performance. We 

also evaluated model performance using these three statistics in the current research, but our 

experiment achieved good performance based solely on PBIAS. 
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5.3.2. Performance of WEPP 

Without calibration, WEPP exhibited poor performance, which improved after calibration in 

most treatments. Particularly, the best performance was observed in CT treatment under both 

DAMC and WAMC when all three calibration methods were applied. Among these methods, 

Method 1 stood out, incorporating interrill erodibility based on observed erosion and 

effective hydraulic conductivity calculated with Equation 5-28 tailored for fallow conditions, 

yielding the most favorable performance statistics. 

During validation, Method 1demonstrated superior performance in CT under WAMC, with 

a PBIAS of 25.97%. Conversely, Method 3 exhibited the lowest level of acceptable 

performance in CT under DAMC, with a PBIAS of 50.37%, as shown in Table 5-7. 

Table 5-7 Statistics of performance for uncalibrated, calibrated and validated WEPP for 

both Dry and Wet Antecedent Soil Moisture conditions (DAMC and WAMC). 

 Uncalibrated 
Calibration Validation 

1 2 3 1 2 3 

Dry AMC 

No crop 

NSE -1192.19  -0.24 0.02   -1.35 -0.80 

PBIAS -1827.68  57.49 35.92   51.31 42.81 

r2 0.09  naa na   na na 

Conventional tillage + residues 

NSE -18953.49 -52.38 -68.53 -49.77 -0.94 -2.26 -1.34 

PBIAS -3097.38 45.02 51.89 49.68 28.00 42.02 32.91 

r2 0.13 na na na na na na 

Conventional tillage 

NSE -9179.04 0.99 0.70 0.98 na na na 

PBIAS -4964.64 -1.75 18.10 3.89 47.78 57.83 50.37 

r2 0.83 na na na na na na 

Handspike 

NSE -1555.20   -2.48 -1.70   -1.80 -1.58 

PBIAS -2024.44   49.42 40.46   80.30 76.70 

r2 0.00   na na   na na 

Wet AMC             

No crop        

NSE -463.33  na na   -1.09 -0.98 

PBIAS -1564.35  45.10 35.92   72.13 72.35 

r2 0.29  na na   na   
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Conventional tillage + residues 

NSE -7566.72 -2.58 -3.64 -2.84 -82.54 -150.30 -60.08 

PBIAS -1863.23 47.68 57.50 50.26 61.89 84.69 53.62 

r2 0.96 na na na na na na 

Conventional tillage 

NSE -10758.72 0.99 0.84 0.99 na na na 

PBIAS -4545.98 -1.41 17.82 3.52 25.97 40.74 29.74 

r2 0.44 na na na na na  na 

Handspike 

NSE -929.09   na na   -2.18 -1.87 

PBIAS -1230.56   23.40 9.55   76.82 72.71 

r2 0.05   na na   na na 
a Not applicable. 

These results are in line with those of Onsamrarn et al. (2020), who conducted a study under 

natural rainfall conditions with corn, soil texture of sandy loam to clay loam, and slope 

gradients from 6 to 12%. Their validation results showed an NSE of -1.89 and an r2 of 0.26 

with no PBIAS calculated. They proposed calibrated interrill erodibility (250000 kg s-1 m-4) 

and hydraulic conductivity (80 mm h-1) parameters for both maize monocropping with 

conventional tillage and intercropping high-value chili with Leucaena hedgerow with 

minimum tillage. Our closest calibrated and validated interrill erodibility value to theirs was 

154591.55 kg m-4 s-1, with hydraulic conductivity values of 18.10 and 9.8 mm h-1 in HS 

treatment under WAMC, where WEPP performed poorly.  

In our treatment with the best WEPP performance, CT under WAMC, the interrill erodibility 

was 55680.75 kg s-1 m-4 and hydraulic conductivity 18.10, 9.8 and 7.19 mm h-1. Interestingly, 

the interrill erodibility in Onsamrarn et al.’s investigation was almost three times higher than 

ours, despite similar soil conditions in their monocrop practice and our CT treatment. 

Onsamrarn et al. (2020) did not vary this parameter between treatments, consistent with the 

recommendation in WEPP manual to define a baseline interrill erodibility modified by the 

model based on vegetation and soil crusting characteristics.  
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However, we used an equation for calculating interrill erodibility that already included effects 

from rainfall intensity, sediments rate and slope, potentially resulting in an inaccurate 

baseline interrill erodibility as required by the WEPP software. Despite this potential 

discrepancy, our validated interrill erodibility contributed to good WEPP performance 

(PBIAS of 25.97 and 29.74%). It is worth noting that the uncalibrated WEPP in CT under 

WAMC showed poor performance, possibly due to WEPP-calculated interrill erodibility.  

The baseline interrill erodibility value (for croplands)  used by WEPP, assuming 20% of the 

sand fraction as very fine sand (Panagos et al., 2014), would be 4533740 kg s-1 m-4. The 

WEPP manual recommends a range of interrill erodibility baseline of 500000 to 12000000 

kg s-1 m-4, indicating that both Onsamrarn et al. (2020) and our study had relatively low 

interrill erodibility inputs. Hypothetically, a better value of interrill erodibility would fall 

between the range of 140000 and 250000 kg s-1 m-4, disregarding the lowest value suggested 

in the WEPP manual. 

In another study, Mirzaee and Ghorbani-Dashtaki (2021) conducted experiments with 

artificial rainfall on bare fallow conditions and calcareous soils with slopes mostly greater of 

25%. Initially, they observed poor performance from the WEPP model (r2= 0.09) when using 

baseline erodibility parameters calculated following WEPP manual recommendations. 

However, they achieved significant improvement in results (r2= 0.68) by adopting a new 

method for calculating erodibility parameters, as proposed by Mirzaee et al. (2017), which 

involved stepwise multiple-linear regression and artificial neural networks.  

Mirzaee and Ghorbani-Dashtaki (2021) reported a mean of interrill erodibility of 2000000 

kg s-1 m-4, contrasting with the calculated mean of 3300000 kg s-1 m-4 using the WEPP manual 

suggestions. Once again, the study demonstrated that lower values of interrill erodibility than 

the recommended led to better prediction outcomes.  
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In another study with rainfall simulation in forest environments, Xia et al. (2019) reported 

NSE values of -0.901 and 0.81 for uncalibrated and calibrated WEPP, respectively. Initially, 

the researchers followed WEPP recommendations for calculating the erodibility parameter, 

resulting in a value of 1041200 kg s-1 m-4. However, after artificially calibrating it to fit the 

observed data, they improved model performance, with the interrill erodibility adjusted to 

4974960 kg s-1 m-4. The authors concluded that lower values of soil erodibility and hydraulic 

conductivity led to enhanced WEPP performance. 

5.3.3. Comparison of RUSLE and WEPP 

Before calibration, WEPP exhibited poor performance, unlike RUSLE, which showed good 

performance in all treatments except in CTR, based on r2 values. WEPP underpredicted soil 

erosion by over 1000%, while RUSLE overpredicted it by more than 68%.  

Following calibration, RUSLE’s performance improved to perfection in all treatments, 

whereas WEPP showed good performance, particularly in the CT treatment (refer to Tables 

5-6 and 5-7). In validation, RUSLE performed well in all the treatments except in CT under 

both DAMC and WAMC, while WEPP performed well only in CT under WAMC.  

Both RUSLE and WEPP performances were influenced not only by their respective 

parameters but also by the methods employed in their calculation. Notably, default methods 

impacted better in RUSLE performance than in WEPP. It is worth mentioning that, in 

RUSLE, the equation referred to as the default method for calculating the K factor the 

equation was not the one recommended by RUSLE developers, but rather an enhanced 

version of it.  The methods that worked better in calibration of both models included observed 

data.  



 

77 
 

PBIAS ranged from 53.62 % to 28% in WEPP and from 49.19% to 3.78% in RUSLE. In NC 

under DAMC, RUSLE demonstrated superior performance, whereas WEPP excelled in 

simulating soil erosion in CTR under the same conditions. Furthermore, RUSLE 

outperformed WEPP in CT under DAMC and HS under DAMC scenarios. Similarly, RUSLE 

exhibited better simulation results in NC and CTR under DAMC conditions. Conversely, 

WEPP showed better performance in CT under WAMC conditions, while RUSLE was more 

effective in predicting erosion in HS under WAMC conditions.  

 

5.4. Conclusions 

The empirical approach of RUSLE simulated better the soil erosion than the physical 

approach of WEPP in the specific conditions of the current study: short term erosion in corn 

cropping under conventional tillage plus residues or zero tillage, high rainfall intensities, 

sandy clay loam soil and slopes near to 2.8%. 

The input data to parameterize the two models played a crucial role on their performance. 

The wider use of RUSLE made easier to find a C factor suggested by other researchers for 

crop management, as well as alternative equations of K factor. The developers of WEPP 

suggested to calibrate based on soil parameters (Flanagan and Frankenberger, 2012), but in 

the current research conditions, like the absence of measured hydraulic conductivity and flow 

velocity, it may be useful to calibrate based on crop management too. 

The RUSLE simulated successfully the erosion in all the studied treatments except in CT 

under both DAMC and WAMC, while WEPP performed well just in CT under WAMC.  

These findings underscore the importance of considering specific agricultural management 

practices and environmental conditions when selecting erosion prediction models for 

accurate soil erosion. 
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CHAPTER 6. Sediment yield modeling: linking hillslope and watershed-scale analysis 

 

Authors: Palmira Bueno Hurtado, Ousmane Seidou 

 

Abstract 

The modeling of sediment yield is crucial for evaluating soil erosion and informing 

conservation strategies. This research employed the Modified Universal Soil Loss Equation 

(MUSLE) to forecast sediment yield in an ungauged watershed located in North-Central 

Mexico. USLE factors LS, K, C, and Runoff were obtained from a prior hillslope-scale study, 

with the runoff factor being determined from the Curve Number (CN) and peak runoff 

estimated utilizing the Rational Method. The daily sediment yield was modeled using a water 

balance approach, which involved adjusting Actual Evapotranspiration (AET) according to 

variations in soil moisture. The findings demonstrated a nonlinear correlation between 

precipitation and sediment yield, where yield peaked at specific thresholds before stabilizing. 

Although numerous yield estimates corresponded to anticipated ranges, peak values were 

often higher than those recorded in comparable watersheds, suggesting that MUSLE 

proficiently captured sediment trends but might overestimate yields during high-intensity 

rainfall events. These results underscore the necessity for refining sediment yield models to 

achieve greater precision during extreme weather conditions. 

Keywords: soil moisture, arid lands, MUSLE. 
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6.1. Introduction 

Soil erosion remains a significant environmental challenge, particularly in regions 

susceptible to heavy rainfall and land use changes. It affects agricultural productivity, water 

quality, and ecosystem integrity (Pimentel and Kounang, 1998). The transport of eroded soil 

from hillslopes to water bodies is a critical component of this process, contributing to 

downstream sediment deposition that exacerbates flood risks, damages infrastructure, and 

degrades water quality (Lal, 2001). Accurate sediment yield estimation is therefore essential 

for conservation planning, especially in semi-arid regions where land degradation threatens 

environmental and agricultural sustainability (Boardman and Poesen, 2006). 

The Modified Universal Soil Loss Equation (MUSLE), a widely used empirical model, has 

gained prominence for its adaptability in diverse environments and practical integration of 

runoff as a dynamic agent of sediment transport (Williams, 1975; Sadeghi et al., 2014). By 

replacing rainfall energy with runoff volume and peak flow, MUSLE allows robust sediment 

yield estimation in areas where direct measurements of soil and water properties are limited. 

Its flexibility has made it a valuable tool for addressing erosion in regions with highly 

variable hydrological conditions, such as arid and semi-arid landscapes (Renard et al., 1997a; 

Sadeghi et al., 2014).  

Studies in Mexico have demonstrated MUSLE's utility in predicting sediment yield across 

diverse landscapes and hydrological conditions. Prado-Hernández et al. (2017) applied 

MUSLE in the El Malacate micro-basin, a 1.5 km² forested area in Michoacán, where over 

60% of the land is covered by forests, the study concluded that MUSLE overestimated 

sediment yield, underscoring the importance of site-specific calibration for reliable 

predictions. Velásquez-Valle et al. (2016) utilized MUSLE in the La Cruz micro-basin, a 

46.8-hectare grassland area in Zacatecas. The study produced sediment yield predictions 
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ranging from 2.5 to 19.5 tons, with a strong correlation to observed values (r² = 0.83), 

demonstrating the importance of accurate parameterization. 

In a larger-scale application, Galindo et al. (2017) employed the Soil and Water Assessment 

Tool (SWAT) to predict erosion in a 7,751 km² watershed in Oaxaca. SWAT incorporated 

MUSLE for sediment yield estimation, with runoff calculated using the Curve Number 

(CN2). Researchers validated the model based on the support practice factor (P) and the 

cover-management factor (C), achieving an r² of 0.58 and a Nash-Sutcliffe Efficiency (NSE) 

of 0.45. These studies highlight MUSLE's versatility across varied Mexican landscapes while 

emphasizing the need for careful calibration to local conditions. 

Despite its widespread use, the precision of MUSLE in estimating sediment yield depends 

on effectively capturing factors such as topography, soil properties, and land cover, all of 

which influence erosion and sediment transport (Merritt et al., 2003). This is particularly 

critical in semi-arid regions, where variable rainfall and sparse vegetation can lead to sharp 

fluctuations in sediment yield. The nonlinear response of sediment transport to precipitation 

events, influenced by soil moisture, vegetation cover, and seasonal patterns, further 

complicates modeling efforts (Nearing et al., 2005; Beven, 2012). Addressing these 

challenges requires adapting models like MUSLE to better reflect the dynamic interactions 

between hydrological and sediment transport processes. 

This study aimed to predict daily sediment yield in an ungauged watershed in North-Central 

Mexico using MUSLE, parameterized with data from hillslope-scale measurements and 

adapted to account for daily hydrological changes. By enhancing sediment yield estimation 

methods, this research supports sustainable watershed management and erosion control 

strategies tailored to semi-arid regions. 
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6.2. Materials and methods 

This research focuses on watershed-scale analysis, using the SCS-Curve Number method 

from USDA Soil Conservation Service  (1986), derived from a separate hillslope study. 

These values were applied in the MUSLE to estimate sediment yield across a watershed in 

North-Central Mexico. The study area is characterized by an arid climate, with average 

annual temperatures between 14 and 22 °C and annual rainfall ranging from 200 to 400 mm 

(Figure 6-1). 

 

Figure 6-1. Location of the studies 

For estimating sediment yield at the outlet of the studied basin, we recurred to the Equation 

6-1. 
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𝑆𝑦 = 𝑎(𝑄𝑞𝑝)
𝑏
𝐾 ∗ 𝐿𝑆 ∗ 𝐶 ∗ 𝑃  (Eq. 6-1) 

Where Sy represents sediment yield in t, Q is runoff in m3, qp is the peak flow rate in m3s-1, a 

and b are constants with default values of 11.8 and 0.56, respectively;  K is the soil erodibility 

factor in Mg h-1 ha-1 MJ-1 mm-1; L is the slope length factor (dimensionless), S is the slope 

steepness factor (dimensionless), C is the land cover and management factor (dimensionless), 

and P is the soil conservation practices factor (dimensionless). For our study, P was set to 1, 

indicating the absence of soil conservation practices. 

Factors K and C were obtained from the hillslope scale study where the RUSLE was 

calibrated and validated under high-intensity simulated rainfall in a small portion of the 

current basin (Bueno-Hurtado and Seidou, 2024). Given the dominant land use of natural 

pastures and shrubs, we selected parameters from similar soil uses with the best 

performances. Specifically, we used the non-tillage treatment with maize for C with a value 

of 0.15 and the no crop treatment for K with a value of 0.11 (see Figure 6-2). 

The LS factor was computed using equation 6-2 for L and equation 6-3 for Slope steepness. 

𝐿 = (
𝜆

22.1
)
𝑚

         (Eq. 6-2) 

Where 22.1 is the standard unit plot length in m, λ is the slope length in m, and m is a variable 

slope-length calculated with equation 6-2 that is based in Table 2, for slight rill erosion, from 

a research of McCool et al. (1989).  

𝑚 =
𝑥

𝑎+𝑏𝑥𝛾
 (Eq. 6-3) 

Where x is the slope steepness in %, a is 10.60, b is 2.04, and γ is 0.94 
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The slope length λ was estimated using a digital elevation model (DEM) with a resolution of 

15 meters (INEGI, 2019), processed with ArcMap, involving the Fill, Flow direction, and 

Flow accumulation tools to generate a map with slope lengths ranging from 0 to 132 m. The 

slope steepness factor was estimated using equation 6-4 (Wischmeier and Smith, 1978). 

𝑆𝑙𝑜𝑝𝑒 𝑠𝑡𝑒𝑒𝑝𝑛𝑒𝑠𝑠 = 65.41 𝑠𝑖𝑛2𝜃 + 4.56 sin 𝜃 + 0.065 (Eq. 6-4) 

Where θ is the slope angle in radians. The LS factor values ranged from 0 to 114.945. 

Runoff was estimated using the SCS-Curve Number method (Eq. 6-5). 

𝑄 =
(𝑃−𝐼𝑎)

2

(𝑃−𝐼𝑎)+ 𝑆
  (Eq. 6-5) 

Where Q is the runoff in mm, P is the precipitation in mm, Ia is the initial abstraction in mm 

(equal to λS, with λ set to 0.2), and S is the potential maximum retention in mm (Eq. 6-6).  

𝑆 =
25400

𝐶𝑁
− 254 (Eq. 6-6) 

 

Rearranging equation 6-6 and solving for CN yields: 

𝐶𝑁 =
25400

𝑆
+ 254  (Eq.6-7) 

Only the CN values for the HS treatments were employed, as they were the most 

representative of the watershed conditions (Table 6-2). 

To account for variations in soil moisture, the Curve Number (CN) was updated daily based 

on soil moisture conditions. Soil moisture was calculated using the Hargreaves method for 

potential evapotranspiration (PET) and a water balance approach to update soil moisture and 

actual evapotranspiration (AET). Specifically, daily soil moisture measurements informed 

adjustments to CN values, reflecting the effects of moisture on runoff potential.  
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Potential evapotranspiration was estimated with equation 6-8, which incorporates 

temperature data and extraterrestrial radiation. 

𝐸𝑇0 = 𝛼(𝑇 + 17.8) √(𝑇𝑚𝑎𝑥 − 𝑇𝑚𝑖𝑛) 𝑅𝑎  (Eq. 6-8) 

Where 𝑇max and 𝑇min are the daily maximum and minimum temperatures, and T is the mean 

temperature, Ra is calculated using equations 6-9 to 6-12. 

𝑅𝑎 = 
(24)(60)

𝜋
0.0820 𝑑𝑟 ((𝜔𝑠 sin𝜙 sin 𝛿) + (cos𝜙 cos 𝛿 sin𝜔𝑠))  (Eq. 6-9) 

𝛿 = 0.409 sin (
2𝜋𝐽

365
− 1.39)  (Eq. 6-10) 

𝑑𝑟 = 1 + 0.033 cos (
2𝜋𝐽

365
)  (Eq. 6-11) 

𝜔𝑠 = arccos(− tan𝜙 tan 𝛿)  (Eq. 6-12) 

Where ϕ is the latitude in radians, J is the day of the year, δ is the solar declination, dr is the 

relative distance earth-sun, and ωs is the sunset hour angle. 

Actual evapotranspiration (AET) was derived based on the availability of water in the soil 

and the demand indicated by PET. The calculation of AET was constrained by soil moisture 

content, with AET being equal to PET when moisture was sufficient, less than PET when 

moisture was below field capacity (25%), and zero when soil moisture was at or below the 

wilting point (13%). The daily soil moisture was updated using a water balance approach that 

considered the previous day's soil moisture, daily precipitation, and AET. This method 

adjusted soil moisture based on rainfall and AET, ensuring that the values remained within 

the field capacity and wilting point limits.  

The peak discharge qp , that was obtained using the Rational Method with equation  6-13. 
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𝑄 = 𝐶𝑖𝐴 (Eq. 6-13) 

Where Q is the peak discharge in m3/s, C is the runoff coefficient, i is the rainfall intensity in 

m3/s, and A is basin area in km2. 

Rainfall intensity was estimated from daily precipitation recorded at the nearest weather 

station, “Cinco de mayo”, located at 25.774 N and 104.288 W (CONAGUA, 2020) for the 

period 1964 – 2003.  We fit Gumbel distribution to extreme value analysis. We first converted 

daily precipitation data into maximum monthly precipitation values for a 2-year return 

period, then we adjusted to a 24-hour duration using a factor of 1.13 (Hershfield, 1961), we 

further multiplied the result by a factor corresponding to the portion of 1 hour. 

The runoff coefficient was calculated by dividing the runoff obtained from equations 6-5 and 

6-6 by historical precipitation. 

Sediment yield was estimated by multiplying daily runoff values with pre-calculated KLSC 

raster. Each day's result was stored as a separate raster, we then aggregated these values to 

generate a comprehensive dataset, summarizing daily sediment yields, and further processed 

it to obtain per-hectare sediment yields (see Figure 6-2). 
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Figure 6-2. Procedure for obtaining daily sediment yield. 

Figure 6-2. Procedure for obtaining daily sediment yield: A combined raster (K×LS×C) 

was multiplied by daily runoff, and cell values were summed to calculate total sediment 

yield. 

6.3. Results and discussion 

6.3.1. Water Balance 

The Potential Evapotranspiration (PET) and Actual Evapotranspiration (AET), used for 

determining soil moisture variations and being able to assign CN accordingly, are 

summarized in Table 6-2, along with the estimated soil moisture and peak discharge. The 

average PET was 12.12 mm, with a range from 0 to 21.43 mm. Ruíz Álvarez et al. (2018) 

estimated  PET through Penman-Monteith (Monteith, 1965), PET monthly values were 

around 110 mm for the coldest months, and 220 mm for the warmest months. These findings 

are equivalent to approximately 3.33 and 7.33 mm daily, respectively, which may reflect 
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higher accuracy in their estimations due to inclusion of more parameters in PET estimation, 

like wind speed and vapour pressure. Lower values of PET can lead to higher soil moisture 

levels because more water remains in the soil, then if rainfall occurs and depending on the 

amount, can conclude in runoff.  The mean AET was 3.97 mm, varying from 0 to 19.82 mm. 

AET represents the moisture actually used by plants and evaporated from the soil. The 

variability in AET indicates fluctuations in moisture availability and plant water use 

efficiency. 

Under the current study conditions, where PET and AET influence soil moisture dynamics, 

the mean soil moisture was 82.45 mm, ranging between the wilting point (78 mm) and field 

capacity (150 mm). In general, lower PET values result in reduced atmospheric demand for 

water, leading to slower soil moisture depletion and better retention of water within the soil 

profile. If we adopt the PET values suggested by Ruíz Álvarez et al. (2018), with daily PET 

ranging from 3.33 mm on the coldest days to 7.33 mm on the warmest days, the slower rate 

of moisture loss would allow soil moisture to accumulate more effectively, potentially 

keeping the soil moisture closer to field capacity for longer periods after rainfall. However, 

runoff would only occur when rainfall exceeds the soil’s saturation point, meaning lower 

PET values do not directly cause faster runoff but rather allow for more efficient moisture 

retention until the soil becomes saturated. 

Table 6-1. Summary of estimated input data for sediment yield calculation. Only days with 

precipitation were included. 
Table 6-1. Summary of estimated input data for sediment yield calculation 

 Mean Median SD Min Max 

Soil Moisture (mm) 82.45 78 9.95 78.00 150.00 

Actual Evapotranspiration (AET) 

(mm) 3.97 0 5.65 0.00 19.82 

Precipitation (PCP) (mm) 9.49 7 8.92 0.10 80.00 

Potential Evapotranspiration 

(PET) (mm) 12.12 12.45 3.54 0 21.43 

Runoff Coefficient 0.02 0.01 0.03 0.00004 0.21 
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Peak Discharge (m3) 0.0003 0.0001 0.0004 0.0000006 0.003 

 

The runoff coefficient in our study appears relatively low compared to McCuen's (2017) 

recommendations for cultivated lands, which suggest values between 0.11 and 0.21 for 

similar soil conditions. However, a regional study conducted by CONAGUA (2024)  reported 

a runoff coefficient of 0.07, calculated using an indirect method (CONAGUA, 2000). In a 

research from a nearby region, Loyer et al. (2000) noted that runoff coefficient of 10%  is 

considered high for this area. Our data shows low values (mean of 0.02), though some fall 

within the expected range. 

6.3.2. Runoff estimation based on SCS-CN 

As described in the methodology section, the potential maximum retention (S) is crucial in 

determination of runoff, the estimated S was around 129 mm, being the lowest 123 mm in 

dry AMC and the highest 130.91 mm in wet AMC during the time series of the study. And 

CN of 65.98 for dry AMC and 67.33 for wet AMC (Table 6-2). These values originated a 

mean runoff of 1.18 mm, with minimum and maximum values of 0.001 and 17.16 mm, 

respectively.  

There are several studies on the implementation of CN in regions similar to ours. For 

example, Sánchez Cohen et al. (2003) conducted direct measurements of runoff and rainfall 

in a 47-hectare basin and estimated a standard CN of 82.21, with an S value of 41.88 mm for 

a 2-year return period, increasing to 137.32 mm for a 30-year return period. Our CN values 

were lower (Table 6-2), regarding HS treatment, suggesting lower runoff potential and higher 

retention. This difference is likely due to slope variations, as soil properties and vegetation 

are comparable. Although our rainfall intensity was higher (see Figure 4-4), it did not 

significantly increase the CN because in controlled experiments with smaller plots and 
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gentler slopes (2.8%), infiltration often occurs more rapidly, limiting runoff despite the 

intense rainfall. Additionally, the smaller scale and uniformity of the plots allow for more 

consistent infiltration, while larger watersheds, with steeper slopes and natural heterogeneity, 

often generate more runoff, resulting in higher CN values even under lower rainfall 

intensities (Morgan and Kirkby, 1980). 

In a study conducted near our research area, Velásquez-Valle et al. (2013) performed rainfall 

simulation experiments under conditions similar to ours in terms of soil type and rainfall 

intensity. They estimated CN values ranging from 79 for pastures to 89 for abandoned lands. 

Compared to our findings, their CN values were higher for treatments without tillage, such 

as our No Crop and Handspike treatments, but were more closely aligned with the other 

treatments. Their estimates were based solely on wet AMC conditions, which typically 

produce higher CN values compared to dry AMC conditions. This pattern is also evident in 

our results, where the mean CN for dry AMC was 75, while for wet AMC it was 81.6 (Table 

6-2). 

Table 6-2. S and CN estimated at hillslope scale 

Treat Rep 
Dry AMC Wet AMC 

Runoff 

(mm) 
S CN 

Runoff 

(mm) 
S CN 

NC 1 193.35 37.60 87.11 102.67 180.80 58.42 

NC 2 158.21 80.59 75.91 200.29 30.31 89.34 

NC 3 161.74 75.73 77.03 186.89 44.69 85.04 

NC 4 178.48 54.44 82.35 198.20 32.46 88.67 

CT 1 185.13 46.69 84.47 112.44 159.03 61.50 

CT 2 144.17 101.34 71.48 155.45 84.48 75.04 

CT 3 148.17 95.17 72.74 185.35 46.43 84.54 

CT 4 174.29 59.52 81.02 189.59 41.69 85.90 

CTR 1 167.63 67.93 78.90 213.25 17.58 93.53 

CTR 2 141.72 105.23 70.71 205.35 25.21 90.97 

CTR 3 127.31 129.85 66.17 184.58 47.31 84.30 

CTR 4 140.20 107.67 70.23 156.00 83.70 75.21 

HS 1 165.88 70.21 78.34 131.00 123.22 67.33 
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HS 2 127.52 129.47 66.24 225.22 6.72 97.42 

HS 3 126.73 130.91 65.99 187.22 44.32 85.14 

HS 4 152.44 88.83 74.09 184.13 47.82 84.15 

 

6.3.3. Sediment Yield 

Sediment yield was consistent with the extreme rainfall events recorded (Figure 6-3), 

reflecting the effectiveness of the model in capturing the impact of precipitation on soil 

moisture dynamics and sediment yield estimation. The estimated sediment yield in our study 

ranged from 0.00000119 to 0.028 t/ha, with a mean of 0.0000097 t/ha. The maximum 

sediment yield in our study (0.028 t/ha) was higher than that observed by Mauricio-Pérez et 

al. (2023)  in a nearby 1.5 km² basin located 50 km from our study area, where the maximum 

yield was 0.0005 t/ha. However, the average yield in our study was lower overall. In their 

study, runoff began with 6 mm of rainfall, and 10 mm of precipitation produced 0.1 mm of 

runoff; in the previous year, the same rainfall produced 0.99 mm, highlighting the significant 

effects of changes in soil management practices. While sediment load was not directly 

measured in the previous year, rainfall simulation showed higher soil losses under changed 

soil practices, suggesting this trend could extend to the watershed scale. However, the initial 

increase in erosion following tillage is often followed by stabilization, indicating that short-

term effects could mask longer-term outcomes. It is likely that sediment load values in the 

previous year were much higher, but our estimates would still exceed those. 

In another study of the Tijuana River watershed along the US-Mexico border, Biggs et al. 

(2022) reported a mean suspended sediment yield of 1.19 t/ha/year, which they noted as low 

compared to southern California watersheds with yields of 50 t/ha/year. Although the Tijuana 

River basin is largely urban, the study provides a reference for evaluating the accuracy of our 

model. In comparison, our results were considerably lower than those observed in their study. 
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Furthermore, Casabella-González et al. (2023), estimated sediment yield using the improved 

MPSIAC empirical model in three watershed in the north-central Mexican state of San Luis 

Potosí. In their most conservative scenario, sediment yield varied from 0.56 to 9.77 t/ha, 

while in the most adverse scenario, estimates ranged from 0.58 to 73.36 t/ha. 

 
Figure 6-3.  Sediment yield and rainfall over the study period in the watershed 

To better describe the relationship between sediment yield and precipitation, we fit a third-

order polynomial regression (Figure 6-4). Sediment yield begins after approximately 30 mm 

of precipitation, below which no significant yield occurs. As precipitation increases, 

sediment yield rises slowly at first but then accelerates due to the cubic term in the model 

indicating a nonlinear relationship, where sediment yield peaks at a certain precipitation level 

before tapering off at very high levels. The negative quadratic coefficient suggests that at 

very high precipitation levels, the rate of sediment yield growth slows slightly. 
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Figure 6-4. Sediment yield response to rainfall in the studied watershed. 

 

6.4. Conclusions 

The study successfully linked hillslope measurements to broader watershed-scale 

predictions, providing valuable insights for erosion management in data-scarce regions, 

providing Curve Number (CN) values for obtaining runoff to further parameterized the 

MUSLE for sediment yield prediction. Curve Numbers (CN) were adjusted daily based on 

soil moisture dynamics and precipitation variability adjusted based on a water balance. 

The MUSLE model effectively captured non-linear relationships between precipitation and 

sediment yield, showing a significant impact of extreme rainfall events; however, it tended 

to overestimate yield during these extremes. This highlights the need for careful selection 

and refinement of erosion models to reflect specific agricultural practices and environmental 

conditions and to enhance accuracy under extreme scenarios. 
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These conclusions support more effective conservation planning and soil management 

strategies, which are essential for sustainable watershed management. Future research should 

prioritize understanding long-term erosion impacts and improving soil consolidation 

strategies to strengthen erosion control efforts in arid regions. 
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CHAPTER 7.  Conclusions 

This thesis presents a comprehensive investigation into soil erosion processes and sediment 

yield modeling across hillslope and watershed scales, emphasizing the importance of 

conservation practices in arid regions. The chapters provide knowledge about erosion 

dynamics, model effectiveness, and the role of tillage and soil moisture in sediment transport, 

ultimately supporting soil and water conservation strategies. 

The findings from Chapter 4 demonstrate that soil moisture and tillage practices significantly 

impact short-term erosion rates under high-intensity rainfall. The study revealed that under 

dry antecedent moisture conditions, both the Handspike and Conventional Tillage plus 

Residues treatments showed substantial reductions in erosion and runoff, underscoring the 

importance of maintaining crop residue cover and no-till practices. These results suggest that 

conservation-oriented tillage systems can mitigate soil loss, particularly when soil moisture 

is limited, offering practical guidance for erosion control in semi-arid agricultural areas. This 

is particularly relevant for rainfed systems, which dominate agricultural production in much 

of north-central Mexico and are highly susceptible to soil erosion due to the reliance on 

seasonal rainfall. 

In Chapter 5, the comparative analysis of empirical and physical erosion models highlighted 

the strengths and limitations of the RUSLE and the WEPP for estimating erosion on 

agricultural hillslopes. RUSLE generally performed better across treatments, particularly 

when measured K factors and nationally recommended C factors were applied, while WEPP 

demonstrated reliable results only for certain tillage and moisture conditions, such as 

Conventional Tillage under wet AMC. These findings underscore RUSLE’s adaptability and 

accuracy for erosion estimation in similar semi-arid agricultural settings. Meanwhile, 

WEPP's detailed process-based approach highlights its potential for application in rainfed 
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systems where erosion dynamics are influenced by soil, topography, and rainfall variability, 

though it may require precise calibration for specific conditions. 

Chapter 6 extended sediment yield modeling to the watershed scale, applying the MUSLE 

with parameters derived from hillslope measurements to estimate daily sediment yield in an 

ungauged watershed. The integration of a water balance approach, incorporating Actual 

Evapotranspiration (AET) and Curve Numbers (CN), allowed for improved daily predictions 

that account for soil moisture variability. The study observed a nonlinear relationship 

between precipitation and sediment yield, with peak sediment yield occurring at specific 

rainfall thresholds before tapering off, indicating that MUSLE effectively captured general 

sediment trends. However, the model tended to overestimate yields during extreme rainfall 

events, emphasizing the need for refined sediment yield models that more accurately 

represent high-intensity precipitation scenarios. These findings are particularly relevant to 

rainfed systems, where soil erosion is strongly influenced by rainfall variability, but can also 

inform conservation practices in irrigated systems, where runoff from irrigation events might 

similarly contribute to sediment transport. 
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