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FACTOR 

Eva Corral-Pazos-de-Provens, Juan M. Domingo-Santos, and Ígor Rapp-Arrarás 

Departamento de Ciencias Agroforestales, Universidad de Huelva, 21819 Palos de la 

Frontera, Huelva, Spain 

ABSTRACT 

The K-factor of the Universal Soil Loss Equation (USLE) is a core component in many erosion 

models, as a measure of soil erodibility. It can be estimated by a nomograph, where the 

summed fractions of silt and very fine sand (VFS) are basic inputs. Frequently, only the three 

broad particle-size classes of sand, silt, and clay are measured in laboratories, thus the VFS 

fraction must be estimated. Three models are currently available for this estimation, namely i) 

the RUSLE2 formula, ii) the European Soil Data Centre method, and iii) the Shirazi-Boersma 

theory, all three use just the sand fraction as explanatory variable. Nevertheless, their accuracy 

has never been assessed and this is the main purpose of this study. The data used to test the 

VFS estimation methods were drawn from the National Cooperative Soil Survey Soil 

Characterization Database, incorporating data from more than 300,000 soil horizon samples. 

The test results show a poor performance of the models, all of which were found to be 

unsuitable for 31.1% of the textural triangle, accounting for 32.3% of the soil samples. 

Moreover, it is demonstrated that any conceivable model based solely on the broad particle-

size classes would suffer from a high degree of uncertainty. Consequently, the number of 

explanatory variables should be increased in order to improve the performance of models. An 

alternative prediction chart is provided for the first approximation of K-factor, based on the 

textural triangle. 

1 INTRODUCTION 

The relationship between the texture of a soil and its erodibility has been well-known for many 

decades (see, for example, Middleton, 1930; Bouyoucos, 1935), such that the different 

particle-size classes are key parameters in any soil erosion prediction model (Soil Survey Staff, 

2011, Chapter 3). Among the various indexes proposed for characterising soil erodibility, 

Wischmeier & Smith’s (1965, 1978) K-factor for the Universal Soil Loss Equation (USLE) is 

particularly notable. In fact, as Auerswald et al. (2014) demonstrate, the USLE and its 

successors, the Revised Universal Soil Loss Equation (RUSLE) version 1 (RUSLE1) (Renard et al., 

1997) and version 2 (RUSLE2) (USDA Agricultural Research Service, 2013), are by far the most 
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widely used models for soil erosion predictions. A recent example of its application can be 

found in the development of the map of soil loss by water erosion in the European Union by 

the European Soil Data Centre (ESDAC) (Panagos et al., 2015). 

Moreover, Auerswald et al. (2014) note that the K-factor has also been included in a number of 

USLE modifications and extensions, such as MUSLE (Williams, 1975), USLE-M (Kinnell & Risse, 

1998), and dUSLE (Flacke et al., 1990); and has also been integrated into the more complex 

models using USLE/RUSLE technology to estimate erosion, such as EPIC (Williams et al., 1983), 

SWAT (Arnold et al., 1998), AGNPS (Cronshey & Theurer, 1998), and Watem/Sedem (Van 

Rompaey et al., 2001). 

The USLE, RUSLE1, and RUSLE2 models were developed by the United States Department of 

Agriculture (USDA) Agricultural Research Service with strong support from USDA Natural 

Resources Conservation Service (NRCS) and other agencies, as well as various universities and 

non-profit organizations. Though developed initially based on over 10,000 plot-years of data 

collected within the United States (US), this family of models has been used extensively in 

other parts of the world for research and conservation management (Renard et al., 2011). For 

US soils, the value of the K-factor can be taken from the NRCS RUSLE2 Database or calculated 

using the nomograph developed by Wischmeier et al. (1971) and, if needed, its subsequent 

algebraic approximations and extensions (Wischmeier & Smith, 1978; USDA Agricultural 

Research Service, 2013, Chapter 4; Auerswald et al., 2014). For non-US soils, apart from several 

equations recently developed for certain areas of Iran (Vaezi et al., 2008; Shabani et al., 2014; 

Ostovari et al., 2016, 2018), Italy (Bagarello et al., 2012), and China (Wang et al., 2013, 2016), 

the best option is to use the nomograph approach. 

Use of the Wischmeier et al. (1971) nomograph for any particular soil requires various 

properties of the upper horizon to be known, namely the proportion of particles with a 

diameter of less than 0.002 mm (clay), the proportion of particles with a diameter between 

0.002 and 0.10 mm (silt plus very fine sand), the organic matter (OM) content, and the 

structure, along with the permeability of the complete soil profile, all in accordance with the 

USDA Soil Survey Manual descriptions (Soil Survey Staff, 1951). 

The inclusion of the very fine sand (VFS) fraction as an explanatory variable resulted in a 

significant improvement in modelling the K-factor, in terms of both precision and simplicity 

(Wischmeier et al., 1971). Nevertheless, because obtaining and analyzing soil samples is a 

laborious and time-consuming process, the laboratory texture analysis is frequently limited to 

the three broad particle-size classes of sand, silt, and clay. 
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As Auerswald et al. (2014) point out, a lack of information about VFS fraction can cause a large 

error in the calculation of the K-factor, in view of which it is important to find some means of 

providing an estimate for this fraction. Various procedures of doing so, based on the broad 

particle-size classes of the USDA system, are available in the literature, but their performance 

has never been subjected to evaluation. This study aims specifically to fill this lacuna, drawing 

on data from more than 300,000 soil horizons. 

2 MATERIALS 

2.1 Input data 

The data used in this study were drawn from the National Cooperative Soil Survey (NCSS) Soil 

Characterization Database (NCSS, 2017). This database was chosen for three reasons: (i) it 

includes records for the required soil particle-size classes with the certainty that these have 

been precisely measured and not simply estimated, (ii) the NCSS enjoys a worldwide 

reputation, and (iii) the number of records exceeds one order of magnitude that of other 

widely used soil databases. It should be made clear here that, although the database contains 

records from all parts of the world, over 97% of the profiles are located within the US territory. 

After a preliminary review of the database, we decided to discard those records lacking the 

specification for the VFS fraction, those involving non-standard methods of sample preparation 

(such as in the case of soils derived from volcanic material), and those displaying any kind of 

numerical inconsistency (such as the soil fractions totalling 99.9% or 100.1% rather than 

100.0%). Once the data had been filtered in this way, we were left with 307,705 records for 

analysing. 

2.2 Models for estimating the very fine sand fraction 

An exhaustive literature review provided three ways for estimating the VFS fraction from the 

broad particle-size classes information: the RUSLE2 formula (USDA Agricultural Research 

Service, 2013, Chapter 4), the ESDAC method (Panagos et al., 2014), and the Shirazi-Boersma 

theory (Shirazi et al., 1988, 2001). It so happens that in all three cases the estimation is based 

on a single explanatory variable, namely the sand fraction. In this respect we would like to 

make it clear that, unless otherwise stated (for example, in charts), the numbers referring to 

the fractions of sand d, silt t, clay y, and VFS v are assumed to be between 0 and 1 (both 

inclusive). 
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2.2.1 The RUSLE2 formula 

RUSLE2 estimates the VFS fraction by means of expression 

   ddv  62.074.0  (1) 

(USDA Agricultural Research Service, 2013, Chapter 4). This equation was derived by regression 

analysis using data in the NRCS RUSLE2 Database for Lancaster County, Nebraska (Foster, 

2004, Chapter 7). The corresponding graph is shown in Figure 1. 

2.2.2 The ESDAC method 

In developing the K-factor map of the European Union, Panagos et al. (2014) considered the 

VFS fraction to be 20% of the sand fraction, on the basis that VFS constitutes one of the five 

subfractions comprising sand: very coarse, coarse, medium, fine, and very fine. Expressing it in 

formal mathematical terms, it would be 

 dv 
5

1
, (2) 

with the corresponding graph shown in Figure 1. 

As demonstrated in Appendix A, this method is essentially equivalent to using log-linear 

interpolation, that is, linear interpolation in terms of the logarithm of the particle sizes. 

2.2.3 The Shirazi-Boersma theory 

Shirazi et al. (1988, 2001) maintain that the cumulative particle-size distribution for fine-earth 

of a soil sample can be approximated by three segments of lognormal distribution function: 

one for the sand fraction, another for the silt fraction, and a third for the clay fraction. 

According to this theory, the VFS fraction can be estimated by the following interpolating 

function: 

    ddv   11812098.0698810.0 1
, (3) 

where  denotes the standard normal distribution function and -1 its inverse (see Appendix 

B). The corresponding graph is shown in Figure 1. 
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3 METHODS 

3.1 Descriptive statistics 

3.1.1 Least squares polynomial regression 

In order to describe how the VFS fraction varies in relation to the broad soil separate fractions 

(sand, silt, and clay), we first applied least squares fits by means of polynomials, namely 
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where n is the degree of the polynomial, ai,j represents the fitting parameters, and f1 and f2 

represent any two of the broad soil separate fractions (including the third makes no difference, 

as the sand, silt, and clay fractions are linearly dependent). Note, finally, that the number p of 

parameters ai,j in the above polynomial is given by the expression p = ½·(n+1)·(n+2) (Venables 

& Ripley, 2002, Chapter 15). 

3.1.2 Subdivision of the textural triangle 

The quantity of data to be processed in the study was so great and so widely distributed 

around the textural triangle (TT) that it was decided to carry out a piecewise statistical 

analysis, that is, to divide the TT into smaller units and deal with each in turn. To this end, we 

first divided it into four equilateral triangles, each side of which was the length l/2, where l was 

the length of the side of the original triangle. The coefficient of determination for the VFS 

fraction can then be calculated by 
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where q is the number of non-empty triangles (after this first division, 1  q  4), Ni is the 

number of data in the i-th non-empty triangle, vi,j is the j-th VFS fraction in the i-th non-empty 

triangle, mi is the average VFS fraction in the i-th non-empty triangle, and m is the average VFS 

fraction in the original triangle. Put another way, we carried out a piecewise least-squares 

regression (see for example Dagnelie, 2006, Chapter 15; James et al., 2013, Chapter 7), albeit 

in a domain of two explanatory variables where the pieces are the q non-empty triangles. 
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We then subdivided each of the above triangles into 4 new equilateral triangles, thus initiating 

an iterative process in which r (sub)divisions generated 4r equilateral triangles with sides of 

(l/2)r. Logically, the coefficient of determination increases as the number of subdivisions 

increases, but does so at the expense of a (near) exponential growth in the number q of 

parameters mi in the regression. Hence, in order to fix the order of magnitude of the number 

of triangles to be subjected to the analysis described in sections 3.1.3 and 3.1.4 below, we 

applied the minimization of Akaike information criterion (AIC) (see for example Burnham & 

Anderson, 2002, Chapter 2). In this instance, the criterion takes the form 
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where N is the total number of data, that is 

 



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Whenever one of the data points, as a result of a subdivision, lays on a side or vertex shared 

with two or more adjacent triangles, the data point in question was assigned to the triangle 

whose centre was closest to the centroid of the TT. 

Finally, given that one of the statistical tests considered below, namely the Shapiro-Wilk test, 

requires the sample size to be not smaller than 3, some of the triangles resulting from the final 

subdivision were merged. Specifically, in those cases where a triangle contained fewer than 3 

data points, we reverted locally the iterative process to the next immediate level until the 

resultant triangle met the minimum. At the end of this process, q’ triangular tiles of various 

sizes were produced. 

3.1.3 Testing normality 

In order to determine the suitability of using the classical methods of statistical inference, we 

applied Royston’s (1992) version of the Shapiro-Wilk test of normality to the values of the VFS 

fraction in each of the q’ tiles. It has been shown that the Royston (1992) procedure is very 

powerful for sample sizes up to 500 (Hain, 2010) and even up to 2000 (Razali & Wah, 2011). All 

calculations were performed using the ‘stats‘ package of R software (R Core Team, 2017). 
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3.1.4 Conditional statistical measures 

From the information contained in each of the tiles, we generated the conditional values of 

various statistical measures related to the VFS fraction for each point in the TT. Specifically, 

these were the conditional values of the mean m, the standard deviation s, Fisher's skewness 

coefficient g, the first quartile Q1, the median or second quartile Q2, and the third quartile Q3, 

obtained by means of the procedure described below. 

1. Calculation of the coordinates di, ti, and yi of the centres of mass of the Ni data points in the 

i-th tile, according to the following formulae: 
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where di,j, ti,j, and yi,j are, respectively, the sand, silt, and clay fractions of the j-th record of the 

i-th tile (i = 1, 2,…, q’). These centres of mass were then used as nodes of the interpolating 

functions defined below. Evidently, the condition that di + ti +yi = 1 is fulfilled. 

2. Calculation of the mean mi of the Ni values of the VFS fraction corresponding to the i-th tile, 

where i = 1, 2,…, q’. 

3. Localization on the i-th centre of mass (interpolation node) of the mean mi just calculated 

(i = 1, 2,…, q’). 

4. Generation of an interpolating function for the mean m, in terms of the coordinates d, t, and 

y of an arbitrary point P in the TT, using the expression 

  
 

 










´

1

´

1

,,

,,

,,
q

i

i

q

i

ii

ytdw

mytdw

ytdm , (9) 

where the weighting coefficient wi for the i-th interpolation node is given by 
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f (Ni) being a generic function of the number of records in the i-th tile, Di the measured 

distance on the TT between data point P and the i-th interpolation node, and u a simple 

numeric parameter. Both the function f (Ni) and the value of u were selected from a set of pre-

established options, namely Ni, sqrt (Ni), log Ni, and 1 for f (Ni); 1, 2, 3, and 4 for u, by means of 
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a least squares approach. Note that in the hypothetical case of f(Ni) = 1 and u = 2, we would 

find ourselves using Shepard’s (1968) canonical interpolating function. 

5. Repetition of steps 2-4 for each of the remaining statistical measures, keeping both the 

function f(Ni) and the value of u originated from the calculations associated with the mean. 

At the end of the process described above, we obtained the interpolating functions for the 

mean m (d, t, y), the standard deviation s (d, t, y), the skewness coefficient g (d, t, y), the first 

quartile Q1 (d, t, y), the median Q2 (d, t, y), and the third quartile Q3 (d, t, y); in short the 

mathematical expressions of the conditional statistical measures we were seeking. 

It should be pointed out that performing step 2 for each quartile consists of a piecewise 

quantile regression in which the pieces are the q’ tiles. 

3.2 Model assessment 

Preliminary performance calculations based on a single value for the whole data set have 

yielded very poor results for all three models. For example, in the case of the Nash-Sutcliffe 

efficiency coefficient (Nash & Sutcliffe, 1970), we have obtained the following values: −10.1% 

with the formula of RUSLE2, 3.8% with the ESDAC method, and −92.3% with the Shirazi-

Boersma theory. Even so, it is very possible that such models work properly in specific areas of 

the TT. Starting from this consideration, we judged that a model would be acceptable for 

estimating the VFS fraction at a point in the TT if it provided, for the said point, a value 

between those determined by the interpolating function of the first quartile Q1 (d, t, y) and the 

interpolating function of the third quartile Q3 (d, t, y), both inclusive. As a result of this 

procedure, for each of the models we studied, we were able to establish two regions within 

the TT: one where the performance of the model in question was acceptable and the other 

where it was not. 

4 RESULTS 

4.1 Descriptive statistics 

4.1.1 Least squares polynomial regression 

Table 1 provides, for each degree of polynomial considered (first column), the number of 

parameters fitted (second column), and the value of the coefficient of determination (third 

column). 
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As can be seen, the value of the coefficient of determination begins to stabilise at the second 

degree polynomial. At the same time, it was observed that once a polynomial of a given 

degree had been fit, some of the terms comprising it held little relevance, leading us to repeat 

the fitting procedure with a reduced number of parameters. This way, we arrived at a second 

degree polynomial with a coefficient of determination of 32.0%, containing just 3 parameters, 

namely 

 tdddv  437529.0151968.0219386.0 2 . (11) 

4.1.2 Subdivision of the textural triangle 

Table 2 shows, for each level of (sub)division considered in the TT (first column), the number of 

triangles generated (second column), the number of non-empty triangles (third column), the 

value of the coefficient of determination (fourth column), and the value of the Akaike 

information criterion (fifth column). 

As can be seen, the Akaike information criterion reaches its minimum value when r is 5. This 

determined that the subsequent calculations began precisely from this level of subdivision, 

that is to say, from establishing and considering 1024 equilateral triangles of the same size. 

The merger of some of these triangles in order to obtain tiles with at least 3 records each, 

resulted in 976 tiles being generated, 964 with sides of 3.125 per cent, 11 with sides of 6.25 

per cent, and 1 with sides of 12.5 per cent, as seen in Figure 2. 

Figure 2 likewise shows the relative density of the records in each tile, that is to say, the ratio 

between the density of the records in each tile and the density of the records across the whole 

TT. In the interests of clarity, the limits of the texture classes of the USDA system have been 

superimposed. Thus, the highest values occur in the sand (S) class, with an absolute maximum 

of 14.4 in the tile whose centroid has coordinates 97.9% sand, 1.1% silt, and 1.0% clay. There is 

also a relative maximum of 5.0 in the silty clay loam (SICL) class, specifically in the tile whose 

centroid has coordinates 2.1% sand, 64.6% silt, and 33.3% clay. The texture classes loam (L), 

silty clay (SIC), loamy sand (LS), sandy loam (SL), and clay loam (CL) also have generally above 

average densities, whilst in contrast, the texture classes sandy clay (SC), silt (SI), clay (C), and 

sandy clay loam (SCL) generally present below average densities. Finally, the class silt loam 

(SIL) has values clearly above the average in its more clayey part and far below average in its 

less clayey part. 
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4.1.3 Testing for normality 

The application of the Shapiro-Wilk test to the VFS data of each tile led to the rejection of the 

null hypothesis, with a significance level of 0.05, in 93.1% of the tiles. In view of this, we 

applied the transformations of variables most commonly used in such cases, namely the 

logarithm transformation, the square-root transformation, and, after dividing by the sand 

fraction, the arcsine transformation. Unfortunately, the results did not substantially improve, 

returning 71.1% rejection for the logarithmic transformation, 77.6% for the square root 

transformation, and 85.8% for the arcsine transformation. 

4.1.4 Conditional statistical measures 

Among the functions f (Ni) and the values of the parameter u which were considered (see 

section 3.1.4), those which performed best in terms of least squares were f (Ni) = log Ni and u = 

3. Figures 3 and 4 show the interpolated values of the statistical measures of interest. 

In Figure 3a, it can be seen that, with the exception of the interval between approximately 0 

and 20% sand, the conditional mean of the VFS fraction depends on more than one broad 

particle-size classes. The highest values are to be found in the less clayey areas of SL and SIL 

classes. Specifically, the maximum is located at 52.1% sand, 46.2% silt, and 1.7% clay (SL class), 

with a value of 23.5%. 

In Figure 3b, it can be seen that the conditional standard deviation of the VFS fraction is highly 

variable, indicating that there is a clear case here of absence of homoscedasticity. This implies 

that polynomial regressions such as that calculated in section 4.1.1 are not really suitable for 

providing prediction intervals. 

According to Bulmer (1979), a distribution can be considered fairly symmetrical when the 

absolute value of the Fisher´s skewness coefficient is below 0.5, moderately skewed when it is 

between 0.5 and 1, and highly skewed when it is above 1. In accordance with this rule, Figure 

3c allows us to conclude that the conditional distribution of the VFS fraction is asymmetrical in 

85% of the area of the TT, an area in which the median is thus preferable to the mean as a 

measure of location. 

In Figure 4, it can be seen that the conditional first quartile, median, and third quartile of the 

VFS fraction follow a similar pattern to the conditional mean (Figure 3a). Hence, with the 

exception of the interval comprising between approximately 0 and 20% sand, these three 

measures do not depend solely on the sand fraction. In the case of all three quartiles, the 

highest values are found in the least clayey areas of SL and SIL classes. Specifically, the 
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maximum value of the first quartile lies at 26.1% sand, 73% silt, and 0.9% clay (SIL class), with a 

value of 17.7%; the median maximum is found at 39.7% sand, 58.7% silt, and 1.6% clay (SIL 

class), with a value of 21.5%; and the third quartile maximum lies at the same point as the 

maximum of the median, with a value of 32.7%. 

4.2 Model assessment 

As can be seen in Figure 5a, the RUSLE2 formula is acceptable in SI and SIL classes, in the most 

silty area of SICL class, and in the least clayey area of SL class. In quantitative terms, the 

acceptance region represents only 19.7% of the TT, with 22.7% of the records located within it. 

With respect to the ESDAC method, Figure 5b shows that its acceptance region covers a large 

portion of the TT, specifically 47.5% of its area, albeit accounting for only 38.3% of the records. 

Broadly speaking, the method is acceptable in the band containing between 10 and 30% silt, 

and in those areas of the L and SIL classes with clay between 8 and 18%, provided that the silt 

content does not exceed 80%. 

For its part, Figure 5c shows that the Shirazi-Boersma theory is acceptable in SI, SIL, and SICL 

classes, and also the least sandy area of SIC class. In this respect, the figure bears a strong 

resemblance to Figure 5a (RUSLE2). In quantitative terms, the acceptance region represents 

23.3% of the total area of the TT, and accounts for 32.6% of the records. 

When the three figures above were superimposed, it became evident that there are areas of 

overlap among the acceptance regions of the models. At those points where more than one 

model is acceptable, we gave preference to the one providing the value closest to the median. 

Figure 6 shows the result of applying this criterion. Thus, the ESDAC method is the most 

appropriate in 46.8% of the TT, the Shirazi-Boersma theory in 15.0%, and the RUSLE2 formula 

in 7.1%. This leaves 31.1% of the TT, accounting for 32.3% of the records, in which none of the 

models provides an acceptable estimation. It could be highlighted that the S class, having the 

highest density of records, falls thoroughly in this area. 

5 DISCUSSION AND CONCLUSIONS 

As noted in section 1, there are no published works evaluating procedures to estimate the VFS 

fraction of fine earth of soils on the basis of the broad particle-size classes, neither are there 

any antecedents for the statistical analysis of texture data drawn from hundreds of several 

thousands of soil samples. In quantitative terms, the most notable studies to date are Nemes 

et al. (1999), drawing on 14,584 samples, and Shangguan et al. (2014), with 16,349 samples, 

both aimed at evaluating the performance of several procedures and models for describing 
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cumulative particle-size distributions; the work of Auerswald et al. (2014), with 19,055 

samples, along with Panagos et al. (2014), 19,969 samples, both focussing on calculating the K-

factor; that of Levi (2017), which included 75,736 samples and tested pedotransfer functions; 

and that of Padarian et al. (2012), with 160,904 samples, aiming the conversion from 

Australian to USDA soil particle size classification system. 

Although the data used in this study come chiefly from US soils, the scatter plots in the TT 

based on data from other geographical regions are consistent with the density of records 

shown in Figure 2. Examples of this can be found in Nemes et al. (1999, Fig. 3 and 8), drawing 

on data from the Soil Information System of the Netherlands and the Hydraulic Properties of 

European Soils (HYPRES) database, Minasny et al. (1999, Fig. 1), for Australian soils, and Hwang 

et al. (2002, Fig. 1), for South Korean soils. The consistency of the data across these studies 

allows us to conjecture that at least our findings can be extrapolated to a large part of the soils 

in Europe, Australia, and the Far East. 

The claim to estimate the VFS fraction based only on the sand fraction, as the three models 

evaluated do, has been shown to be over-optimistic in view of Figures 3 and 4. Moreover, any 

conceivable model based solely on the broad particle-size classes would suffer from a high 

degree of uncertainty, as the coefficient of determination in Table 1 stabilizes around 33%. The 

only way to increase the coefficient of determination is to consider further explanatory 

variables. Potential candidates in this respect could be the fraction of particles with a diameter 

greater than 2 mm (coarse fragments) or non-granulometric information such as 

differentiation by type of soil horizon, by kind of parent material, or by mode of deposition in 

the case of sedimentary environments. 

None of the three models evaluated achieved an overall satisfactory performance. Indeed, it is 

worth noting that, despite its modest approach, the ESDAC method came out best. With 

regard to the Shirazi-Boersma theory, it could be argued in mitigation that it was not 

specifically designed to estimate the VFS fraction, but rather describe the whole cumulative 

particle-size distribution. Nevertheless, the fact that it is inaccurate in this particular instance 

somehow calls into question its efficacy in fulfilling its original purpose. The weakest 

performance was by the RUSLE2 regression equation, probably because the data on which it 

was based (Lancaster County, Nebraska) are unrepresentative of the range of US soils. 

The deficiencies of the three models can be illustrated with an example focussing on the 

texture class S, to which, it will be remembered, the greatest number of records pertain. It is a 

horizon containing 93.4% sand, 3.9% silt, and 2.7% clay. The VFS fraction would be 15.0% 
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according to the RUSLE2 formula, 18.7% according to the ESDAC method, and 23.4% according 

to the Shirazi-Boersma theory. If the actual value for this fraction were what Figure 4b (the 

conditional median) indicates, that is 6.0%, the relative errors would be 150.0%, 211.7%, and 

290.0% respectively. Assuming that the horizon contains 2% of organic matter, has a fine 

granular structure and moderate permeability, we can calculate the repercussions of these 

errors on the K-factor. Taking the VFS fractions given above, the K-factor values calculated by 

the Wischmeier et al. (1971) nomograph are 0.146 t h MJ−1 cm−1 (RUSLE2), 0.179 t h MJ−1 cm−1 

(ESDAC), and 0.222 t h MJ−1 cm−1 (Shirazi-Boersma). If we accept the value of 6% VFS given by 

Figure 4b, the K-factor would be 0.103 t h MJ−1 cm−1 and the relative errors would be 41.7% 

(RUSLE2), 73.8% (ESDAC), and 115.5% (Shirazi-Boersma). 

In view of the foregoing, it is clear that accurate models for estimating the VFS fraction are yet 

to be developed. In this respect, Figure 4 could represent an appropriate starting point, to be 

validated by future studies. 

6  APPLICATION 

Evidently, each of the models evaluated can be used to estimate the VFS fraction in its 

corresponding region of acceptance. The main problem is that there is a third of the area of 

the TT where no model is acceptable. 

Equation (11), obtained through a global (non-piecewise) least squares regression could be an 

alternative. However, the establishment of prediction intervals for this kind of regression 

function requires the conditional distribution of the target variable to be normal and 

homocedastic (Preston, 2000); these requirements, as demonstrated, are not satisfied in the 

case of the VFS fraction. Moreover, least squares regressions are closely linked to the concept 

of mean, whereas the median is preferable as a measure of location for distributions like the 

conditional VFS distribution, which is clearly asymmetric in most of the TT. 

Unlike equation (11), the charts in Figure 4 have their origin in distinct local (piecewise) 

quantile regressions, leading us to a context in which it is not necessary to satisfy the 

requirements of normality and homoscedasticity in order to establish prediction intervals 

(Preston, 2000). Consequently, when it comes to estimating the VFS fraction, we recommend 

the adoption of the value provided by Figure 4b (conditional median) along with the 50% 

prediction interval delimited by the values provided by Figures 4a (first conditional quartile) 

and 4c (third conditional quartile). Thus, for the example in section 5, the predicted value for 
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the VFS fraction would be 6.0% (Figure 4b) and its 50% prediction interval would be delimited 

by 2.6% (Figure 4a) and 12.1% (Figure 4c). 

The fact that the K-factor is a monotonic function of the VFS fraction allows us to produce 

charts of the conditional quartiles of the K-factor from charts of the conditional quartiles of the 

VFS fraction. On that basis we have generated the charts for K0 (Figure 7), that is, the first 

approximation of the K-factor for 2% OM content, by means of the RUSLE2 formulae (USDA 

Agricultural Research Service, 2013, Chapter 4). 

On that basis we have generated by means of the RUSLE2 formulae (USDA Agricultural 

Research Service, 2013, Chapter 4) the charts for K0 (Figure 7), that is, the so-called first 

approximation of K-factor (Auerswald et al 2014), calculated with a 2% OM. 

setting the OM content to 2% 

 Thus, for the given example, the estimated value of K0 would be 0.070 t h MJ−1 cm−1 (Figure 

7b) and the 50% prediction interval would range between 0.043 t h MJ−1 cm−1 (Figure 7a) and 

0.120 t h MJ−1 cm−1 (Figure 7c). 

 In order to obtain values of the first approximation of K for OM contents other than 2%, the K0 

values from the chart should be multiplied by the following coefficient of correction: 

 









4for ,8.0

4for ,1.02.1

a

aa
k , (12) 

where a is the OM content expressed as a percentage. 

The final value of the K-factor is obtained by adding the effect of the structure of the upper soil 

horizon and the effect of permeability of the whole profile (Wischmeier et al., 1971; Auerswald 

et al.,2014). 
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10 FIGURE CAPTIONS 

Figure 1. Models for estimating the very fine sand fraction. 

Figure 2. Relative density of data points, expressed as the ratio between the density of the 

records in each tile and the density of the records across the whole textural triangle. 

Figure 3. Interpolated values of the main conditional measures of the very fine sand fraction. 

Figure 4. Interpolated values of the conditional quartiles of the very fine sand fraction. 

Figure 5. Acceptance regions of the models for estimating the very fine sand fraction. 
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Figure 6. Preference regions of the models for estimating the very fine sand fraction. 

Figure 7. Charts of the conditional quartiles of the first approximation of K-factor for 2% 

organic matter content, K0. 

11 TABLES 

Table 1. Coefficients of determination for least squares polynomial regression as function of the polynomial 

degree. 

n p R2 (%) 

1 3 16.8 

2 6 32.0 

3 10 32.3 

4 15 32.5 

5 21 32.7 

6 28 32.8 

7 36 32.9 
Legend: n is the degree of the polynomial, p is the number of parameters of the polynomial and R2 is the coefficient 

of determination. 

 

Table 2. Values of the Akaike information criterion for the piecewise least squares regression as function of 

subdivision level of the textural triangle. 

r 4r q R2 (%) AIC × 10−6 

1 4 4 16.8 −1.57252 

2 16 16 26.5 −1.61280 

3 64 64 30.9 −1.63155 

4 256 256 32.5 −1.63835 

5 1024 1008 33.1 −1.63980 

6 4096 3923 33.9 −1.63728 

7 16384 14842 36.1 −1.62597 
Legend: r is the level of subdivision in the TT; 4r is the number of triangles generated; q is the number of parameters 

adjusted; R2 is the coefficient of determination, and AIC is the value of the Akaike information criterion. 
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12 FIGURES 

 

Figure 1. Models for estimating the very fine sand fraction. 
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Figure 2. Relative density of data points, expressed as the ratio between the density of the records in each tile 

and the density of the records across the whole textural triangle. 
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Figure 3. Interpolated values of the main conditional measures of the very fine sand fraction. 

 

Figure 4. Interpolated values of the conditional quartiles of the very fine sand fraction. 
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Figure 5. Acceptance regions of the models for estimating the very fine sand fraction. 

 

Figure 6. Preference regions of the models for estimating the very fine sand fraction. 
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Figure 7. Charts of the conditional quartiles of the first approximation of K-factor for 2% organic matter content, 

K0. 
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