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Exploring the accuracy of Random Forest and Multiple Regression models to predict rill 17 

detachment in soils under different plant species and soil treatments in deforested lands  18 

 19 

Abstract 20 

 21 

Rill detachment capacity (Dc) is a key factor of the overall erosion process on steep and long 22 

hillslopes of deforested areas. Accurate predictions of this factor are essential for land managers, in 23 

order to adopt the most effective soil conservation techniques against erosion. However, no 24 

previous studies have evaluated how much machine learning algorithms (such as Random Forest, 25 

RF) and multiple regression models (such as Multiple Linear Regression, MLR, and Partial Least 26 

Square Regression, PLS-R) are accurate to predict Dc in forest and deforested sites and with or 27 

without application of treatments for soil conservation. This study evaluates the Dc prediction 28 

capacity of RF, MLR or PLS-R algorithms in forestlands of Northern Iran. The models have been 29 

applied to 250 observations of the changes in Dc between sites covered by natural tree species or 30 

subjected to reforestation and five soil treatments, and deforested sites can be predicted using. The 31 

results of model applications showed that: (i) in natural and planted forests, both MLR and PLS-R 32 

gave accurate predictions of changes in Dc (coefficient of efficiency of Nash and Sutcliffe, NSE, 33 

over 0.80); (ii) in the same sites, the RF algorithm was much less accurate when applied to natural 34 

forests (NSE = 0.46), and its performance was poor (NSE = -0.51) in reforested sites; (iii) in 35 

deforested and treated sites, the Dc predictions by both MLR and PLS-R were poor (NSE < 0), 36 

while the RF algorithm was more accurate (NSE = 0.49), but not its prediction capacity was not 37 

optimal. Since both MLR and PLS-R are accurate in predicting rill erosion in natural and planted 38 

forests, the use of these models may be suggested to landscape managers, in order to estimate the 39 

changes in rill erodibility due to deforestation or reforestation works. Moreover, modelers may 40 

adopt the parameters of the linear regression equations setup in this study for predictions of rill 41 

erosion in deforested areas with similar characteristics as the experimental sites. The low reliability 42 

of all tested models for Dc predictions in sites deforested and treated with soil conservation 43 

techniques suggests more research, for instance testing the accuracy of Artificial Neural Networks 44 

or multiple regression algorithms with different mathematical structure under those conditions.   45 

 46 

Keywords Soil hydrology; log response ratio; soil properties; soil hydrology; hydrological 47 

modelling.   48 

 49 
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1. Introduction 50 

 51 

Deforestation is one of the most severe degradation factors in forest ecosystems (van Lierop et al. 52 

2015; Watson et al. 2018). Removal of vegetation results in biodiversity loss and leaves the soil 53 

exposed to detachment of soil particles due to rainsplash erosion and surface runoff (Polyakov and 54 

Nearing 2003; Cantón et al. 2011). Soil erosion due to the overland flow often forms rills with 55 

depth and width increasing downstream of eroded channels (Ellison 1947; Wang et al. 2014; Li et 56 

al. 2019). Rill detachment, whose maximum value is defined as “rill detachment capacity” 57 

(hereafter indicated as Dc), is the most important erosive process on steep and long slopes (Owoputi 58 

and Stolte 1995; Wang et al. 2014). This process may be noticeably different between low and high 59 

flow rates of the surface water stream (Zhang et al. 2002). An accurate estimation of rill erosion is 60 

essential in deforested ecosystems, when process-based hydrological models must be used to 61 

predict the erosion rates (Nearing et al. 1989; Wang et al. 2016) and anti-erosive actions must be 62 

adopted (Alewell et al. 2019; Lopes et al. 2021). However, the performance of the common erosion 63 

models is different across the large variety of environments on the global scale (Batista et al. 2019; 64 

Fan et al. 2019). With specific focus on rill detachment, Dc shows a large variability depending on 65 

land use, soil and vegetation characteristics, and anthropogenic actions (García-Ruiz 2010; 66 

Parhizkar et al. 2020). Different vegetation species may also have a significant influence on rill 67 

erosion (Parhizkar et al. 2021). Moreover, for specific land uses and vegetation species, Dc depends 68 

on hydraulic parameters and soil properties (Nearing et al. 1991). With regard to the hydraulic 69 

parameters, the shear stress and stream power are the most commonly characteristics of water flow 70 

to predict Dc (Nearing et al. 1991; Hairsine and Rose 1992; Foster et al. 1995). Among the soil and 71 

vegetation properties, bulk density and cohesion, aggregate median diameter, and plant root density 72 

are among the best predictors of Dc (Zhang et al. 2008; Li et al. 2015). Often the combination of 73 

both water characteristics and soil properties is a suitable set of input parameters to predict Dc using 74 

hydrological models (De Baets et al. 2006; Li et al. 2015). 75 

Reforestation and soil conservation treatments in deforested areas can make the hydrological 76 

processes more complex (van Lierop et al. 2015). This increased complexity may result in a lower 77 

accuracy of erosion models compared to undisturbed agro-forest areas (Rompaey and Govers 78 

2002). For instance, the prediction methods to estimate rill erodibility from hydraulic parameters 79 

give the same values for treated and untreated soils, since no information is given to models about 80 

the changes in soil properties under the two conditions. This inevitably leads to unrealistic 81 

estimations of Dc in hydrological modeling in sites treated with soil conservation techniques. 82 

Therefore, the reliability of the erosive models must be possibly verified under the largest variety of 83 
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soil conditions (with or without conservation techniques). Once this reliability is verified in selected 84 

case studies, hydrological models can be applied for reliable predictions of erosion in forest soils by  85 

hydrologists and forest managers (Merritt et al. 2003).  86 

Among hydrological models, machine learning (such as Random Forest, RF, algorithms) and 87 

multiple-regression (MR) methods have been used to predict erosion in several environments. RF 88 

algorithms are based on sophisticate mathematical equations, which make these models suitable for 89 

accurate hydrological predictions in different conditions (Mohammed et al. 2020; Ghosh and Maiti 90 

2021; Wilder et al. 2021; Tarek et al. 2023). MR methods, thanks to the use of many numerical and 91 

categorical variables of different type (soil, water, plants), may accurately predict erosion in 92 

different environments (Zema et al. 2022). However, in spite of this potential feasibility due to 93 

those intrinsic characteristics, no previous uses of RF or MR models to predict rill erosion are to the 94 

authors’ best knowledge. Compared to the other erosion models, these tools may better catch the 95 

aforementioned complexity and variability of the rill detachment process, and offer a broad 96 

applicability in sites with different environmental characteristics. Surprisingly, the literature does 97 

not show any previous experiences about Dc modeling by RF or MR methods. 98 

To fill this gap, this study aims to evaluate whether the changes in rill detachment capacity between 99 

forest sites with natural tree species or subjected to reforestation and soil conservation treatments, 100 

and deforested sites can be predicted using a Random Forest (RF), a Multiple Linear Regression 101 

(MLR) and a Partial Least Square Regression (PLR-S) model. To this aim, these three models have 102 

been applied to a dataset of 250 case studies simulating Dc under different water flow rates and soil 103 

slopes by flume experiments on soil samples collected in forestlands of Northern Iran.  104 

 105 

2. Materials and methods 106 

 107 

2.1. Study areas 108 

 109 

For this study, two forest areas (Saravan and Saqalaksar Parks, geographical coordinates 37°08′04″ 110 

N, 49°39′44″ E, and 37°09’23.98’’ N, 49°31’49.48’’ E) were selected in Guilan province (Northern 111 

Iran). These parks, mostly covered with dense vegetation, are located south of Rasht city at 112 

elevation between 50 and 205 m above the mean sea level (Figure 1). According to the Köppen–113 

Geiger classification (Kottek et al., 2006), the climate of both areas is “Csa” type, typically 114 

Mediterranean. The mean annual rainfall and temperature are 1360 mm and 16.3 °C, respectively 115 

(records from the Iran Meteorological Organization of 2016). Precipitation is mainly concentrated 116 

in winter, while summer is very dry and hot. 117 
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 118 

 119 

Figure 1 - Geographical location (left) and aerial views (right) of the two study areas (Saravan and 120 

Saqalaksar Forestland Parks, Guilan Province, Northern Iran). 121 

 122 

Based on field investigations, both areas show a large variety of tree and plant species. The main 123 

tree species are Zelkova carpinifolia (hereinafter indicated as “Zc”), Quercus castaneifolia (Qc), 124 

Alnus glutinosa (Ag), Parrotia persica (Pp), Pinus taeda (Pt), and Carpinus betulus (Cb) 125 

(Saqalaksar Park), and Alnus subcordata (As), Brachythecium plumose (Bp), Gleditsia caspica (Gc), 126 

Sambucus ebulus (Se), Oriental beech (Ob), Crataegus ambigue (Ca), Rubus persicus (Rp) and 127 

Primula heterochroma (Ph) (Saravan Park). In recent years (about ten to twenty years), both parks 128 

were intensely deforestation activity, in order to install high-voltage electric power towers. After 129 

deforestation, degraded forestland was restored by reforestation activities, using tree species as Zc, 130 

Qc and Ag.  131 

Soils in these areas are quite homogenous and have a prevalent silty clay loamy texture (20% of 132 

sand, 47% of silt and 33% of clay in Saqalaksar Park, and 13% of sand, 50% of silt and 37% of clay 133 

in Saravan Park). 134 

 135 

2.2. Experimental design 136 

 137 

Four soil conditions were adopted to evaluate the Dc prediction capacity of the three models: 138 

1. a deforested and untreated soil (assumed as reference condition and hereafter indicated as “D”)  139 
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2. natural forests (“NF”) with one of the following species: P. persica, P. taeda, C. betulus, Q. 140 

castaneifolia, C. ambigue, R. persicus, P. heterochroma, F. orientalis, A. subcordata, B. 141 

plumose, G. caspica, and S. ebulus 142 

3. forests planted (“PF”) with A. glutinosa or Z. carpinifolia 143 

4. soils deforested and then subjected to one of the following soil conservation treatments (“D + 144 

T”) (see section 2.3). 145 

 146 

2.3. Soil treatments 147 

 148 

The soil samples collected in the deforested sites “D” of the two parks were placed in five small 149 

plots of about 1.5 m x 0.5 m (soil depth of 0.2 m) in laboratory. On these plots, one of the following 150 

soil conservation techniques was applied: 151 

a.  inoculation and planting of seeds of Zoysia grass with Bacillus polymyxa strain BcP26 152 

(hereafter “D-Thbp”)  153 

b.  inoculation of soil with the Bacillus subtilis OSU 142 (“D-TBs”)   154 

c. application of biochar produced from rice husk (“D-Trhb”)   155 

d. hydromulching using a mixture of water, Zoysia grass seed, organic binder, starter fertilizer, 156 

cellulose fiber, bio-humus, super absorbent, and green dye (“D-Thzg”) 157 

 d. hydromulching using the same mixture but added with silica nanoparticles (“D-Thsn”). 158 

In more detail, Bacillus polymyxa strain BcP26 (considered as one of plant growth promoting 159 

strains (Egamberdieva et al. 2019) and thus used as inoculator in “D-Thbp” plots) was grown in 160 

glycerol peptone medium, and added in suspension to seeds of Zoysia grass for half an hour. For the 161 

“D-TBs” technique, a pure culture from Bacillus subtilis OSU 142 strain was grown in liquid 162 

nutrient broth media at 28 °C at a density (108 CFU/mL) after dilution (Çakmakçı et al. 2001). 163 

Biochar used in "D-Trhb" treatment was produced from rice husk by a pyrolysis process in an 164 

electrical muffle furnace at a peak temperature of 500 °C and duration of 30-45 min (Ghorbani et al. 165 

2019). The native materials of the hydromulch material in "D-Thzg" plots were blended in the 166 

mixture according to the hydromulching international protocol (Sheldon and Bradshaw 1977; 167 

Parsakhoo et al. 2018), and used at a dose of 410 kg/ha. Silica nanoparticles for "D-Thsn" treatment 168 

were synthesized from rice husk and prepared as white colored nano silica powder with 169 

concentration of 100 mg/l, after drying at a temperature of 100 °C for 24 h in a conventional electric 170 

oven, and pyrolysis in an electrical muffle furnace at a peak temperature of 700 °C and a duration of 171 

2 h (Sharma et al. 2019). All these additives were applied to the plot through spraying technique.  172 

 173 
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2.4. Soil sampling  174 

 175 

Two paired soil samples were randomly collected at the same location in each deforested sites of 176 

the two study areas under the soil conditions “1” to “3”, and in the laboratory plots under the soil 177 

condition “4.a” to “4.e” (after a period between three and six months from plot preparation). 178 

Soil sampling was carried out following the procedures setup by Zhang et al. (2003; 2008) and 179 

Parhizkar et al. (2020). To summarise, rocks, weeds and litter were removed from the soil surface, 180 

and then the samples were extracted using a steel ring (0.1-m in diameter and 0.05-m high). Finally, 181 

the ring was removed and the samples were transported to laboratory for soil analysis. 182 

 183 

2.5. Soil analysis  184 

 185 

Of the two paired samples collected in field or in the experimental plots, the first core was subjected 186 

to physico-chemical analysis to measure some key properties of plant roots and surface soil: (i) 187 

organic carbon content (OC); (ii) root weight density (RWD); (iii) aggregate stability in water of 188 

soil (WSA); and (iv) bulk density (BD). OC was determined by the potassium dichromate 189 

colorimetric method (Walkley and Black 1934), while RWD, WSA and BD of soils were measured 190 

using the wet-sieving (1-mm sieve) and oven-drying (65 °C) methods (Kirkham et al. 1959).  191 

 192 

2.6. Flume experiments to measure rill detachment capacity 193 

 194 

The second soil sample was used for Dc measurements using an experimental flume. This flume, 195 

which had a rectangular cross section with length of 0.5 m and width of 0.2 m, allowed the 196 

simulation of variable water flow rates and soil slopes. More details about the experimental 197 

procedure and flume characteristics are reported in Parhizkar et al. (2020) and summarised below. 198 

- The soil core was inserted in a hole excavated in the flume bed, close to its downstream outlet, 199 

caring that the upper surface of the sample was placed at the same level as the bed surface. Then, 200 

the water flow rate and bed slope were adjusted to the desired values. Using clean water poured 201 

upstream of the flume, the experiment started and a steady water flow rate was expected. Once the 202 

flow rate stabilised, the mean water depth was measured using a level probe (accuracy of 1 mm) as 203 

the average of measurements made at three points, two in the sides, and one in the middle of each of 204 

two cross sections (0.4 m and 1 m from the flume outlet). The water volume, collected into a 205 

graduated plastic cylinder, was averaged among no less than five replications per experiment. The 206 

experimental test ended when the eroded soil depth was 0.015 m or, in the case of lower erosion 207 
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depth, after 5 minutes. In the first case, the experiment duration was also measured (t, [s]). After 208 

each test, the wet soil sample was extracted from the flume bed and then oven dried at 105 °C for 209 

24 h to measure its dry weight (ΔM, [kg]). Dc was calculated as the average value of four replicates 210 

using equation (1): 211 

 212 

 
tA

M
Dc 


            (1) 213 

 214 

- where A ([m2]) is the area of soil sample. 215 

For each soil sample collected in field, five water flow rates per unit width of flume (WFR, 0.27 ± 216 

0.06, 0.37 ± 0.07, 0.48 ± 0.06, 0.58 ± 0.05, and 0.69 ± 0.05 L m−1 s−1) and five slope gradients (SS, 217 

5.9 ± 2.52%, 11.1 ± 2.92%, 17.6 ± 2.11%, 24.5 ± 3.12%, and 31.7 ± 3.04%) were simulated in the 218 

flume. Overall, 2000 soil samples (20 soil conditions × 5 water flow rates × 5 slope gradients × 4 219 

replications) were subjected to the experiments. The 20 soil conditions were “D”, “NF” with each 220 

of the 12 species, “PF” with two species, and “D-Thbp”, “D-TBs”, “D-Trhb”, “D-Thzg” and “D-221 

Thsn”. 222 

 223 

2.7. Data processing and statistical analysis 224 

 225 

The site in the D soil condition was assumed to be the “reference” value for each of the following 226 

variables: OC, RWD, WSA and BD (soil/plant properties, which were adopted as model’s input 227 

parameters), and Dc (output variable). For each flume experiment, the so-called “effect size” (e.g., 228 

Vieira et al. 2015; Girona-García et al. 2021) for the change between a given soil condition 229 

(deforested soil, natural or planted forest soils, or deforested and treated soils) was calculated. This 230 

effect size was the decimal logarithm of the “response ratio” (LRR, Curtis and Wang 1998; Hedges 231 

et al. 1999), according to the following equation:  232 

 233 

D

SC

x

x
LRR log            (2) 234 

 235 

where “xSC” is the mean value of the variable measured in the site under a given soil condition and 236 

“xD” is the value of the same variable measured in the D condition. LRR, which is non-dimensional, 237 

estimates the change in a variable on a given soil compared to the reference condition using a 238 

logarithmic scale (e.g., Kalies et al. 2010). For instance, a LRR > 0 indicates that the variable in the 239 
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given soil condition is higher than the D soil. The five calculated LRRs are hereafter indicated as 240 

“LRR(Dc)”, “LRR(OC)”, “LRR(RWD)”, “LRR(WSA)” and “LRR(BD)” (plant/soil parameters). 241 

Furthermore, a one-way ANOVA followed by pairwise comparisons using Tukey’s test (at p < 242 

0.05) was carried out, in order to identify significant differences among the numerical variables 243 

(“LRR(Dc)”, “LRR(OC)”, “LRR(RWD)”, “LRR(WAS)” and “LRR(BD)”), using the soil condition 244 

as factor. The samples were assumed to be independent, and their distribution was checked by QQ-245 

plots. To satisfy the assumptions of the statistical tests, the data were square root transformed 246 

whenever necessary. 247 

 248 

2.8. Short description and implementation of the prediction models 249 

 250 

For the three prediction methods (RF, MLR and PLS-R), the response variable was LRR(Dc), while 251 

the input or independent parameters were “LRR(WFR)”, “LRR(SS)”, “LRR(OC)”, “LRR(RWD)”, 252 

“LRR(WAS)” and “LRR(BD)” (numerical variables), and the “soil condition”, “WFR class” and 253 

“SS class” (categorical variables). For the categorical variables, the following classes were adopted: 254 

- soil condition: natural forest soil (“NF”); planted forest soil (“PF”); deforested and treated 255 

soil (“D + T”) 256 

- WFR classes (L m−1 s−1): < 0.3; 0.3-0.4; 0.4-0.5; 0.5-0.6; > 0.6 257 

- SS classes (%): < 10; 10-15; 15-20; 20-30; > 30. 258 

 259 

2.8.1. Random forest algorithm 260 

 261 

“Random Forest” belongs to the set of machine learning methods that are used for classification 262 

and/or regression of variables of different types. RF estimates a quantitative response based on 263 

independent quantitative and/or qualitative variables, and continuous or discrete variables. This 264 

method produces several “decision trees”, each being a structure with an internal node that is a test 265 

on an attribute. A “branch” of the tree is the test result, while each “leaf” is a class label (i.e., a 266 

decision after computing all attributes). RF combines the decision trees, which embed multiple 267 

bootstrap samples from the observed data. The input variables are randomly taken to build a 268 

decision tree. The bootstrap method introduces many samples from the initial observations, and 269 

then the tree is expanded based on bootstrap sampling. Class predictions are produced by each tree, 270 

and the class that gets more votes is considered as the prediction. After building the whole tree, the 271 

model uses several trees as inputs for the estimation of the final response variable, which is the 272 

average value of these estimates (Avand et al. 2019). This response variable is a rank measured by 273 
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the mean increase error as a prediction error. The importance of the related variable is the highest 274 

for the model prediction when this error is the largest (Mohammed et al. 2020). 275 

In this study, RF was applied using the “random input without replacement” method. The “Mtry” 276 

parameter (the number of input variables a decision tree has available to consider at any given point 277 

in time) was set to 10 over the total 475 observations of Dc, and the “bagging” method was chosen 278 

as sample bootstrap. The required number of trees built by the algorithm in the forest was set to 279 

100. 280 

 281 

2.8.2. Multiple Linear Regression model 282 

 283 

A “Multiple Linear Regression” model builds a linear equation regressing more than one 284 

independent variable on one response variable. The coefficients of the model are calculated by a 285 

regression method. The prediction MLR equation has the following form:  286 

 287 

i

N

i
ic xbaDLRR  

1

)(           (3) 288 

 289 

where a is the intercept and bi is the coefficient of the independent variable xi. 290 

In this study, the best independent variables in Eq. (3) to estimate LRR(Dc) were selected when the 291 

maximum coefficient of determination (r2) was obtained among the possible combination of all 292 

input parameters. The Least Mean Square method was chosen to estimate a and bi of Eq. (3). 293 

 294 

2.8.3. Partial Least Square Regression model 295 

 296 

A Partial Least Square Regression model is used as regression method when the independent 297 

variables are many and these variables may be affected by multi-collinearity. The PLS-R equation 298 

has the same form as Eq. (3), but the method selects a smaller set of input variables (“components”) 299 

based on the covariance among the independent variables used for regression.  300 

In this study, PLS-R was applied to estimate LRR(Dc), adopting the “Jack-and-Knife” cross-301 

validation method. The cumulated values of r²y and r²x, which measure the correlations between the 302 

independent (x) and response (y) variables with the components, were calculated.  303 

The three models were implemented using XLSTAT software (release 2019). 304 

 305 
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2.9. Evaluation of the model’s accuracy 306 

 307 

The “goodness-of-fit” between the LRR(Dc) predictions given by the three models and the  308 

corresponding observations (based on Dc measurements by the flume experiments) was evaluated 309 

using the following quantitative indicators, commonly adopted in the literature (e.g., Willmott 1982; 310 

Loague and Green 1991; Legates and McCabe Jr 1999):  311 

- the main statistics (maximum, minimum, mean and standard deviation of observed and 312 

simulated values) 313 

- coefficient of determination (r2) 314 

- coefficient of efficiency of Nash and Sutcliffe (NSE, Nash and Sutcliffe 1970)) 315 

- percentage bias (PBIAS) 316 

- Root Mean Square Error (RMSE). 317 

The equations to calculate these quantitative indicators are reported by Van Liew and Garbrecht 318 

(2003), Krause et al. (2005) and Moriasi et al. (2007), and the acceptance or optimal values are 319 

shown in Table 1.  320 

 321 

Table 1 - Indexes, variability range of and acceptance/optimal values to evaluate the prediction 322 

capacity of the three prediction models. 323 

 324 

Index Variability Acceptance or optimal values 

r2 0 to 1 r2 > 0.50 (Santhi et al. 2001; Van Liew et al. 2003; Vieira et al. 2018) 

NSE  -∞ to 1 
Model accuracy: good, if NSE ≥ 0.75; satisfactory, if 0.36 ≤ NSE < 

0.75; unsatisfactory, if NSE < 0.36 (Van Liew et al. 2003) 

RMSE 0 to ∞ RMSE < 0.5 of observed SD (Singh et al. 2005) 

PBIAS -∞ to ∞ 

Model accuracy: fair, if PBIAS is < 0.55 (Moriasi et al. 2007) 

PBIAS > 0 or < 0 indicates model’s under- or over-estimation, 

respectively (Gupta et al. 1999) 

Notes: r2 = coefficient of determination; NSE = coefficient of efficiency of Nash and Sutcliffe; RMSE = Root Mean 325 

Square Error; PBIAS = percentage bias; SD = standard deviation. 326 

 327 
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3. Results  328 

 329 

3.1. Characterisation of changes in input and predicted variables 330 

 331 

ANOVA and Tukey's tests revealed that the soil condition resulted in significant differences in all 332 

LRRs of the input and response variables (F = 12.519, p < 0.001). 333 

With regard to the models’ input variables, the LRR(BD) was on average significantly lower for all 334 

soil conditions compared to the deforested and untreated soils, with a significant gradient NF (-335 

0.123 ± 0.031) < D + T (-0.112 ± 0.054) < PF (-0.089 ± 0.008). The PF soils showed the lowest 336 

LRR(OC) (-0.329 ± 0.055), which significantly increased in NF (-0.063 ± 0.109) and became 337 

positive in D + T soils (0.066 ± 0.058). The lowest LRR(WSA) was found in NF soils (-0.163 ± 338 

0.509), and this LRR significantly increased and became positive in PF soils (0.156 ± 0.191). This 339 

ratio was the highest in D + T sites (0.350 ± 0.169). Finally, the minimum and maximum 340 

LRR(RWD) ratios were measured in PF (-0.080 ± 0.105) and D + T (-0.138 ± 0.120) soils, the NF 341 

sites showing intermediate values (-0.024 ± 0.155) (Figure 2). 342 

 343 
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 344 

Figure 2 – Box plots of Log Response Ratios (LRR) of organic carbon (OC), bulk density (BD), 345 

water stable aggregates (WSA) of soil, root weight density (RWD) of plants and rill detachment 346 

capacity (Dc) measured in flume experiments on soil samples collected at the two study areas 347 
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(Saravan and Saqalaksar Forestland Parks, Guilan Province, Northern Iran). Different letters 348 

indicate significant differences after Tukey's tests (p < 0.05). NF = natural forest; PF = planted 349 

forest; D + T = deforested and treated soils. 350 

 351 

In comparison to the deforested sites, LRR(Dc) was negative under all soil conditions. This ratio 352 

was the lowest in NF soils (-0.655 ± 0.429) and the highest in D + T sites (-0.195 ± 0.169), while 353 

the PF sites showed intermediate values (-0.563 ± 0.393). Only the difference between D + T soils, 354 

and NF and PF sites was significant, while no significant difference was found between PF and NF 355 

soils (Figure 2). 356 

 357 

3.2. Model running 358 

 359 

Twenty-five trees were sufficient for RF to minimise the estimation error (MAE of 0.078) of the 360 

response variable (Figure 3a). The most sensitive inputs of the model were the three categorical 361 

variables (soil condition, and WFR and SS classes), which gave the highest mean increase error., 362 

The numerical variables (LRR of BD, OC, WSA and RWD) showed a lower importance on the 363 

output (Figure 3b).  364 
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 366 

Figure 3 - Variability of the Mean Absolute Error (MAE) with the number of trees (a) and mean 367 

increase error (b), expressing the importance of each input variable, in the Random Forest model to 368 

the estimate the Log Response Ratio (LRR) of rill detachment capacity (Dc) of soil in two study 369 

areas (Saravan and Saqalaksar Forestland Parks, Guilan Province, Northern Iran). Legend: LRR = 370 

Log Response Ratio; OC = soil organic carbon; BD = soil bulk density; WSA = water stable 371 

aggregates; RWD = plant root weight density; Dc = rill detachment capacity. 372 

 373 
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The number of input variables needed as best predictors of LRR(Dc) of the MLR model was high, 374 

since the highest r2 (0.818) was achieved using 28 variables, LRR(BD), LRR(RWD), soil condition, 375 

and WFR and SS classes. However, the use of only 22 variables allowed the increase of r2 from 376 

0.422 (18 variables) to 0.788 (Table 2). 377 

The PLS-R model selected only one meaningful component from the original dataset of input 378 

variables. The cumulated r²y and r²x between the input and response variables with this component 379 

were 0.770 and 0.044, respectively.  380 

Both models (MLR and PLS-R) used quantitative and categorical variables as input parameters. The 381 

intercepts and coefficients of the two multiple regression (MLR and PLS-R) models with Eq. 3 are 382 

reported in Tables 1.SI and 2.SI, while Table 3 shows the variable importance in PLS-R model 383 

predictions.  384 

 385 

Table 2 - Variability of the coefficient of determination (r2) with input variables in Equation (3) of 386 

the Multiple Linear Regression model to predict Log Response Ratio (LRR) of rill detachment 387 

capacity (Dc) of soil in the two study areas (Saravan and Saqalaksar Forestland Parks, Guilan 388 

Province, Northern Iran). 389 

 390 

Number of 

variables 
Variables r² 

18 Soil condition 0.422 

22 Soil condition / WFR class  0.788 

26 Soil condition / WFR class / SS class 0.814 

27 LRR(RWD) / Soil condition / WFR class / SS class 0.817 

28 LRR(BD) / LRR(RWD) / Soil condition / WFR class / SS class 0.818 

Notes: the number in the first row indicates the total categorical or numeric variables of groups; the values in bold 391 

indicate the highest r2 value with the selected input variables; LRR = Log Response Ratio; OC = soil organic carbon; 392 

BD = soil bulk density; WSA = water stable aggregates; RWD = plant root weight density; Dc = rill detachment 393 

capacity; WFR = water flow rate; SS = soil slope. 394 

 395 
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Table 3 - Variable importance in predictions of the Log Response Ratio (LRR) of rill detachment 396 

capacity (Dc) of soils in the two study areas (Saravan and Saqalaksar Forestland Parks, Guilan 397 

Province, Northern Iran) using the Partial Least Square Regression model.  398 

 399 

Variable 
Variable importance 

in the prediction 

WFR class (>0.6) 2.405 

WFR class (<0.3) 2.359 

Soil condition (D-Thzg) 1.811 

Soil condition (NF-Pp) 1.697 

LRR(OC) 1.688 

WFR class (0.5-0.6) 1.269 

WFR class (0.3-0.4) 1.239 

Soil condition (NF-Pt) 1.193 

Soil condition (D-Trhb) 1.114 

Soil condition (D-TBs) 1.062 

Soil condition (NF-As) 1.038 

Soil condition (NF-Fo) 0.894 

Soil condition (NF-Cb) 0.832 

Soil condition (D-Thbp) 0.628 

LRR(WSA) 0.570 

SS class (10-15) 0.530 

SS class (>30) 0.521 

SS class (20-30) 0.510 

Soil condition (D-Thsn) 0.503 

Soil condition (NF-Rp) 0.503 

Soil condition (PF-Ag) 0.476 

SS class (<10) 0.474 

LRR(RWD) 0.442 

Soil condition (NF-Ph) 0.420 

Soil condition (NF-Bp) 0.355 

Soil condition (NF-Gc) 0.281 

Soil condition (PF-Qc) 0.172 
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LRR(BD) 0.127 

Soil condition (PF-Zc) 0.107 

Soil condition (NF-Ca) 0.095 

WFR class (0.4-0.5) 0.076 

SS class (15-20) 0.028 

Soil condition (NF-Se) 0.002 

Note: the values in bold indicate the highest values (over a limit of 0.80).  400 

 401 

3.3. Prediction accuracy of the models 402 

 403 

Figure 5 reports the predictions of LRR(Dc) using the three models in comparison to the 404 

corresponding observations under the three groups of soil conditions (natural forest, planted forest, 405 

and deforested and treated soils). 406 

The predictions given by the RF model were in general satisfactory for natural forests and treated 407 

soils, but poor for planted forests. In more detail, the model tends to underestimate (for NF and PF 408 

soils) and overestimate (D + T sites) the LRR(Dc), as shown by the positive (NF and PF) and 409 

negative (D + T) values of PBIAS. For NF soil condition, the values of both the coefficient of 410 

determination and NSE were acceptable (r2 = 0.54 and NSE = 0.46). NSE was poor (-0.51) and r2 411 

good for NF sites, while, for D + T soils, the model evaluation gave an acceptable NSE (0.49) and a 412 

poor r2 (0.18). RMSE was always higher than half observed standard deviation, and thus 413 

unsatisfactory. The differences in the observed and predicted LRR(Dc) were low for the mean 414 

values (< 23.7%), but high for the maximum (> 99.3%) (Table 4).  415 

The use of linear regression equations to predict LRR(Dc) gave satisfactory to good performances 416 

only for NF and PF soil conditions. For the latter, the pairs “predictions vs. observations” were very 417 

close to the line of perfect agreement (Figure 5), and also the evaluation indexes confirmed this 418 

visual assessment. In more detail, r2 and NSE were very high (> 0.89), and the values of RMSE 419 

were satisfactory. In contrast, the MLR model performances were poor for D + T sites, being the 420 

values of r2 (0.24), NSE (-1.47) and RMSE (0.265, equal to 3-fold half the observed standard 421 

deviation) under the acceptance limits of Table 1. The MLR does not underestimate or overestimate 422 

the observations (PBIAS close to zero), and the mean values of the predictions were practically 423 

equal to the corresponding observations. However, the errors in the maximum predictions of 424 

LRR(Dc) were high (over 60% for NF soils with a peak of +137% for D + T sites) (Table 4). 425 

As for the estimations by MLR, the PLS-R model performed well in predicting LRR(Dc) for both 426 

NF and PF sites. More specifically, the model slightly underestimated (PBIAS = -0.02, NF soils) or 427 
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overestimated (PBIAS = 0.17, PF soils) the response variable, but r2 and NSE were always high (r2 428 

= 0.84 and NSE = 0.82 for NF soils, and r2 = 0.95 and NSE = 0.80 for PF sites). RMSE was 429 

satisfactory for both soil conditions. Also for this model the predictions of the mean values of 430 

LRR(Dc) were close to the corresponding statistics of observations (differences lower than 16.8% 431 

with a minimum of 1.9% for NF sites), while the maximum predictions showed an error over 50%. 432 

In contrast, the model performance for D + T soils was poor, since the PLS-R overestimated the 433 

response variable (PBIAS = -0.13), and r2 (0.18) and NSE (-1.25) were far below the acceptance 434 

limits. Only the mean LRR(Dc) was fairly predicted (+13.2% compared to the observations), while 435 

the maximum value was noticeably overestimated (+71.3%). The RMSE was about 200% higher 436 

compared to half the observed standard deviation (Table 4). 437 
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Figure 5 - Scatterplots of observations of the Log Response Ratio (LRR) of rill detachment capacity 440 

(Dc) of soils in the two study areas (Saravan and Saqalaksar Forestland Parks, Guilan Province, 441 
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Northern Iran) vs. the corresponding predictions using three models (RF = Random Forest; MLR = 442 

Multiple Linear Regression; PLS-R = Partial Least Square Regression). Legend: NF = natural 443 

forest; PF = planted forest; D + T = deforested and treated soils. 444 

 445 

Table 4 - Indexes used to evaluate the predictions of Log Response Ratio (LRR) of rill detachment 446 

capacity (Dc) of soil in the two study areas (Saravan and Saqalaksar Forestland Parks, Guilan 447 

Province, Northern Iran) using three models (RF = Random Forest; MLR = Multiple Linear 448 

Regression; PLS-R = Partial Least Square Regression).  449 

 450 

LRR(Dc) Mean 
Std. 

Dev. 
Min Max r2 NSE PBIAS RMSE 

RF 
  

Natural forest soils 

Observed -0.664 0.428 -2.176 0.245 

Predicted -0.543 0.283 -1.489 -0.024 
0.54 0.46 0.18 0.315 

  Planted forest soils 

Observed -0.527 0.387 -1.222 0.195 

Predicted -0.402 0.126 -0.692 -0.183 
0.82 -0.51 0.24 1.065 

  Deforested and treated soils 

Observed -0.195 0.169 -0.685 0.215 

Predicted -0.207 0.087 -0.402 0.001 
0.18 0.49 -0.06 0.418 

MLR 
  

Natural forest soils 

Observed -0.664 0.428 -2.176 0.245 

Predicted -0.664 0.345 -1.500 0.094 
0.92 0.90 0.00 0.138 

  Planted forest soils 

Observed -0.527 0.387 -1.222 0.195 

Predicted -0.527 0.274 -1.064 -0.008 
0.96 0.89 0.00 0.129 

  Deforested and treated soils 

Observed -0.195 0.169 -0.685 0.215 

Predicted -0.195 0.303 -0.761 0.509 
0.24 -1.47 0.00 0.265 

PLS-R 
  

Natural forest soils 
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Observed -0.664 0.428 -2.176 0.245 

Predicted -0.677 0.341 -1.496 0.113 
0.84 0.82 -0.02 0.180 

  Planted forest soils 

Observed -0.527 0.387 -1.222 0.195 

Predicted -0.438 0.260 -0.952 0.089 
0.95 0.80 0.17 0.171 

  Deforested and treated soils 

Observed -0.195 0.169 -0.685 0.215 

Predicted -0.221 0.273 -0.775 0.368 
0.18 -1.25 -0.13 0.253 

Notes: r2: coefficient of determination; NSE: coefficient of efficiency of Nash and Sutcliffe; RMSE: Root Mean Square 451 

Error; PBIAS: coefficient of residual mass. 452 

 453 

4. Discussions 454 

 455 

The mean values of changes in soil properties and rill detachment capacity were significantly 456 

different among the analysed soil conditions. Moreover, all these variables showed a large 457 

variability, which demonstrates that generally soil and erosion dynamics is strongly site-specific 458 

(Harden 2001; Zhang et al. 2009). This variability may noticeably affect the performances of 459 

hydrological models (Owoputi and Stolte 1995; de Vente and Poesen 2005), which could barely 460 

simulate the complex dynamics of the soil detachment process as well as the unsteady character of 461 

the soil’s erosive response over time (Girona-García et al. 2021; Zema et al. 2022). This difficulty 462 

explains the contrasting prediction accuracy shown by the three models, with the RF algorithm 463 

showing a lower prediction accuracy, and regression models (both MLR and PLS-R) performing 464 

much better. 465 

Two of the three models (MLR and PLS-R) gave very good estimations of the variations in the rill 466 

detachments capacity in natural forest soils compared to the deforested areas, and also the 467 

predictions for planted forests were satisfactory. In contrast, the predictions of LRR(Dc) were very 468 

poor for all models in the case of applications in deforested and treated sites.  469 

The poor performances given by the RF model are quite surprising compared to other previous 470 

applications. Zema et al. (2023), applying RF to predict the changes in surface runoff and soil 471 

erosion between burned and unburned soils, ascribed the limited reproducibility of these variables 472 

by this model to the use of too many categorical variables as well as the limited number of 473 

observations in the training dataset. In accordance to those results, previous applications of RF 474 

algorithms to estimate soil erosion showed higher prediction accuracy in sub-tropical watersheds, 475 

compared to a logistic regression model (Ghosh and Maiti 2021), in Mediterranean semi-arid 476 



 21 

hillslopes, compared to general linear models (Mohammed et al. 2020), in tropical plots, compared 477 

to other machine learning techniques (Tarek et al. 2023), and in arid and semi-arid catchments, 478 

compared to k-Nearest Neighbor Classifiers (Avand et al. 2019). In our study, the number of 479 

categorical variables was limited (only three), and the dataset of observations was instead of several 480 

hundred (about 500 records), which should have smoothed the model prediction inaccuracy claimed 481 

by those authors. It is worth mentioning that the LRR(Dc) capacity given by RF did not increase 482 

with models runs up to 100 decision trees, since the estimation error (MAE of 0.086 with 100 trees 483 

against 0.078 with 25 trees) was stable or even increased after 30 trees. Presumably, the integration 484 

of other numerical input variables (such as the stream power, which is known as an accurate 485 

predictor of Dc, Hairsine and Rose 1992; Foster et al. 1995; Parhizkar et al. 2020) could improve 486 

the model reliability in simulating the rill detachment capacity. 487 

The slightly worse performance of the PLS-R model compared to the MLR equation could be 488 

explained by the loss of variance due to adoption of a derivative component (explaining about 75% 489 

of the total variance of the original input variables), which may have propagated measurement 490 

errors in the model. In this regard, it is well known that the adoption of independent derivative 491 

variables replacing the original parameters (as for Principal Component Analysis and Factor 492 

Analysis) leads to a lost of variance, and therefore of information, Schreiber 2021). It is also worth 493 

noting that the prediction capacity of the MLR model is mainly driven by the categorical variables, 494 

while the addition of numerical variables does not noticeably improve its accuracy. The 495 

introduction of a variable related to the water flow condition (the WFR class) is able to significantly 496 

improve the model predictions, while a minor role is played by the other categorical variables 497 

associated with the morphological conditions (i.e., the soil slope). This means that the number of 498 

input variables is sufficient for reliable estimations of LRR(Dc). In the PLS-R model, the rank of 499 

variable importance reveals that the model predictions are again more sensitive to the water flow 500 

conditions (especially to the extreme classes, < 0.3 and > 0.6 L m-1 s-1). 501 

The satisfactory (PLS-R model) to good (MLR) accuracy in predicting the mean changes in Dc 502 

compared to the deforested areas shown by this study in the experimental conditions is in line with 503 

previous experiences focusing the reproducibility of the erosion process. For instance, Zema et al. 504 

(2022) found that MLR model showed a good prediction capacity of erosion, using both ”dummy“ 505 

categorical and numerical variables, such as runoff coefficients and sediment concentrations (from 506 

which soil loss can be estimated), and input parameters related to ground cover (e.g., litter, shrub 507 

vegetation, ash, bare soil percentage).  508 

The simulations of the changes in rill detachment capacity in sites subjected to soil conservation 509 

techniques were always unsatisfactory. In contrast to what found for the LRR(Dc) prediction 510 
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capacity of the two regression models (good for NF and PF conditions), the RF algorithm showed 511 

an acceptable coefficient of efficiency in predicting rill detachment. This better performance may be 512 

due to the reproducibility and high transparency of feature importance, which is one of the main 513 

advantages of RF algorithms (Wilder et al. 2021). In other words, it can not be excluded that 514 

artificial intelligence models, such as the RF algorithms, are more able to capture the complex 515 

effects that the addition of additives to soil (such as bacteria or nanoparticles) compared to linear 516 

models, given the high non-linearity of soil hydrological processes (Abrahart and See 2007; Medici 517 

et al. 2008). Other research activities should explore how RF performs in predicting rill detachment 518 

capacity under each of the modeled soil conservation techniques. 519 

 520 

5. Conclusions 521 

 522 

Among the three models (Random Forest, Multiple Linear Regression and Partial Least Square 523 

Regression algorithms) applied to forestlands of Northern Iran, multiple regression models gave 524 

reliable predictions of changes in rill detachment capacity in natural and planted forests compared 525 

to deforested areas. The accuracy of Random Forest algorithms was noticeably lower in natural 526 

forests and poor in reforested sites.  527 

The simulations of changes in rill detachment capacity in sites that were deforested and then treated 528 

by five soil conservation techniques were poor when the linear regression models were used. The 529 

Random Forest algorithm was more accurate, but its predictions were not as good as for natural and 530 

planted forests simulated by the other two models.  531 

The good performance of both multiple regression models in predicting changes in rill erosion for 532 

reforested and undisturbed sites may support the tasks of hydrologists and, more in general, 533 

landscape managers. The estimations of the increase in rill erodibility due to deforestation 534 

compared to undisturbed areas with natural species on one hand, and to predict the decrease in the 535 

same erosive variable in the case of reforestation works with a given tree species on the other hand 536 

can be supported by the accuracy of the erosion models. In this regard, the parameters of the linear 537 

regression equations may be used for modelling purposes in areas with similar climatic and 538 

geomorphological characteristics as the experimental sites. These parameters may be adopted as 539 

input for physically-based models simulating soil erosion on long and steep hillslopes.  540 

The applicability of these models out of the environmental context of this study must be further 541 

validated through targeted modelling exercises. More research is also needed to improve the 542 

prediction accuracy of the rill detachment capacity in deforested sites subjected to soil conservation 543 

actions. This may be done adopting more sophisticate artificial intelligence algorithms (e.g., 544 
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Artificial Neural Networks), increasing the number of the input variables (to increase the possibility 545 

to capture the intrinsic variability of rill erodibility drivers) and/or of the observations used for 546 

model training or adopting a different mathematical structure for multiple regression algorithms 547 

(e.g., exponential or power equations).  548 
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SUPPLEMENTARY INFORMATION 702 

 703 

Table 1.SI - Values of the coefficients a and b in equation 3 of the Multiple Linear Regression 704 

model used to predict the Log Response Ratio (LRR) of rill detachment capacity (Dc) on soils 705 

samples collected at the two study areas (Saravan and Saqalaksar Forestland Parks, Guilan 706 

Province, Northern Iran). 707 

 708 

Variables (xi in equation 3) 
Model 

coefficients 

Intercept (a in equation 3) -0.369 

LRR(BD) -0.515 

LRR(RWD) 0.190 

Soil condition (D-Thbp) -0.177 

Soil condition (D-Thsn) -0.203 

Soil condition (D-Thzg) 0.251 

Soil condition (D-Trhb) 0.043 

Soil condition (NF-As) -0.687 

Soil condition (NF-Bp) -0.442 

Soil condition (NF-Ca) -0.274 

Soil condition (NF-Cb) -0.588 

Soil condition (NF-Fo) -0.608 

Soil condition (NF-Gc) -0.252 

Soil condition (NF-Ph) -0.162 

Soil condition (NF-Pp) -0.892 

Soil condition (NF-Pt) -0.717 

Soil condition (NF-Rp) -0.119 

Soil condition (NF-Se) -0.326 

Soil condition (PF-Ag) -0.454 

Soil condition (PF-Qc) -0.224 

Soil condition (PF-Zc) -0.315 

WFR class (0.4-0.5) 0.166 

WFR class (0.5-0.6) 0.367 

WFR class (<0.3) -0.178 

WFR class (>0.6) 0.543 
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SS class (15-20) -0.067 

SS class (20-30 -0.152 

SS class (<10) -0.001 

SS class (>30) -0.143 

 709 

Table 2.SI - Values of the coefficients a, b and c in equation 3 of the Partial Least Square 710 

Regression model used to predict the Log Response Ratio (LRR) of rill detachment capacity (Dc) on 711 

soils samples collected at the two study areas (Saravan and Saqalaksar Forestland Parks, Guilan 712 

Province, Northern Iran). 713 

 714 

Variables (xi in equation 3) 
Model 

coefficients 

Intercept (a in equation 3) -0.448 

LRR(BD) 0.183 

LRR(OC) 0.606 

LRR(RWD) -0.156 

LRR(WSA) -0.068 

Soil condition (D-TBs) 0.263 

Soil condition (D-Thbp) 0.155 

Soil condition (D-Thsn) 0.124 

Soil condition (D-Thzg) 0.448 

Soil condition (D-Trhb) 0.276 

Soil condition (NF-As) -0.257 

Soil condition (NF-Bp) -0.088 

Soil condition (NF-Ca) 0.024 

Soil condition (NF-Cb) -0.206 

Soil condition (NF-Fo) -0.221 

Soil condition (NF-Gc) 0.069 

Soil condition (NF-Ph) 0.104 

Soil condition (NF-Pp) -0.420 

Soil condition (NF-Pt) -0.295 

Soil condition (NF-Rp) 0.124 

Soil condition (NF-Se) 0.000 

Soil condition (PF-Ag) -0.118 
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Soil condition (PF-Qc) 0.043 

Soil condition (PF-Zc) -0.027 

WFR class (0.3-0.4) -0.171 

WFR class (0.4-0.5) -0.011 

WFR class (0.5-0.6) 0.175 

WFR class (<0.3) -0.326 

WFR class (>0.6) 0.332 

SS class (10-15) 0.073 

SS class (15-20) 0.004 

SS class (20-30) -0.070 

SS class (<10) 0.065 

SS class (>30) -0.072 

 715 


