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Article type Research Paper

Abstract

This study evaluates the performance of the random forest (RF) method on the prediction of the soil water retention
curve (SWRC) and compares its performance with those of nonlinear regression (NLR) and Rosetta-based
pedotransfer functions (PTFs), which has not been reported so far. Fifteen RF and NLR-based PTFs were constructed
using readily-available soil properties for 223 soil samples from Iran. The general performance of RF and NLR-based
PTFs was quantified by the integral root mean square error (IRMSE), Akaike’s information criterion (AIC) and
coefficient of determination (R2). The results showed that the accuracy of the RF-based PTFs was significantly
(P<0.05) better than the NLR-based PTFs, and that the reliability of the NLR-based PTFs was significantly (P<0.01)
better than the RF-based PTFs and all of the Rosetta-based PTFs. The average values of the IRMSE, AIC and R2 of
the RF method were 0.041 cm3 cm-3, -16997.7, and 0.987, and 0.053 cm3 cm-3, -15547.5, and 0.981 for the training
and testing steps of all PTFs, respectively, whereas the values for the NLR method were 0.046 cm3 cm-3, -16616.4,
and 0.984, and 0.048 cm3 cm-3, -16355.6, and 0.983 for the training and testing steps, respectively. The PTF5 of the
RF and NLR methods, with inputs of sand and clay contents, bulk density, and the water content at field capacity and
permanent wilting point, had the greatest R2 values (0.987 and 0.989, respectively), and the lowest IRMSE values
(0.039 and 0.032 cm3 cm-3, respectively) compared to other PTFs for the testing step. Overall, the RF method had
less reliability for the prediction of the SWRC compared to the NLR method due to overprediction, uncertainty of
determination of forest scale and instability in the testing step. These findings could provide the scientific basis for
further research on the RF method.
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Note: Page numbers and line numbers that are given in this file are according to those of

the ""Revision, changes marked" file.
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Comments from the editors and reviewers:

-Reviewer 1

-The authors replied to only partially to my comments. In fact, they replied to those comments
for Author but not to those for Editor. Did they not receive the comments for Editor? My
decision is still Major revision since many points raised before did not receive answers. I put
them again below. Page and line numbers refer to the original version of the manuscript,
not the revised one.

Ans:

We apologize for the inconvenience, but unfortunately we did not receive the comments in the
first round of Review. Now, we have modified and revised the manuscript according to your
comments and details of the corrections are described below point by point. The authors are
grateful for your comments in improving the content and structure of the manuscript.

First of all, the use of random forest to PTF is not completely new as may be deduced from the
manuscript (page 5, lines 88 and 89); in contrast, there are published papers that dealt with random
forest like Toth et al (2014), Araya et al (2019), Gunarathna et al (2019), and Szabo et al (2019).
Also, the authors gave few examples of the use of statistical and data mining techniques but only
one example for the nearest neighbor (page 4, line 75) as if it is the only published work whereas
there are many other examples like Botula et al (2013), Haghverdi et al (2015), Nguyen et al
(2017), Gunarathna et al (2019), etc.

Ans:

Thank you so much. A review of literatures (Toth et al. (2014), Araya et al. (2019), Gunarathna
et al. (2019), and Szabo et al. (2019)) revealed that the RF data mining technique has only been

applied to predict point-based PTFs of the SWRC including field capacity and permanent wilting
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point or saturated hydraulic conductivity, but it has not been used for developing parametric-
based PTFs of the van Genuchten model parameters, so far. Finally, the review of literatures has
been modified completely as follows:

"So far, few studies have been carried out on the application of the RF method in soil science.
Toth et al. (2014) applied the RF method to analyze the relationship between soil water content
at four matric suctions (0.1, 33, and 1500 kPa, and 150 MPa) and Hungarian soil map
information. They found that the importance of soil properties in the prediction of the soil water
content varied according to soil type and matric suction. Recently Szabo et al. (2019) have
developed PTFs based on RF and geostatistics methods to map soil hydraulic properties, such as
water contents at saturation, field capacity and wilting point, for the Balaton catchment area in
Hungary. Araya and Ghezzehei (2019) compared the performances of four machine-learning
algorithms including the k-nearest neighbors (kNNs), support vector regression (SVR), RF, and
boosted regression tree (BRT) for prediction of saturated hydraulic conductivity. They found that
the BRT model outperformed the other algorithms closely followed by the RF model.
Gunarathna et al. (2019a) tested three machine-learning algorithms including ANN, kNN, and
RF to estimate volumetric water content at matric suctions of 10, 33 and 1500 kPa for soils in Sri
Lanka. They recommended that the PTFs to be developed using the RF algorithm. Lief3 et al.
(2012) studied uncertainty in the spatial prediction of soil texture by comparison of the RF and
regression tree techniques for 56 soil profiles and found that the former method provided a better
result. Also, Wiesmeier et al. (2011) utilized the RF technique to develop digital mapping of the
soil organic matter content in 120 soil profiles. They found that the prediction accuracy of the RF
modeling was acceptable. A review of literatures therefore revealed that the RF data mining

technique has been applied to develop PTFs to predict specific points of the SWRC, such as field
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capacity and permanent wilting point, or particular properties such as saturated hydraulic
conductivity, but it has not been used to develop parametric-based PTFs of the van Genuchten
model parameters, so far (Pages 5-6, lines 84-109).

Also, we have added new literatures, in which statistical and data mining techniques have been
used, to the introduction section of the manuscript, as follows:

Botula et al. (2013): Page 4, line 77.

Haghverdi et al. (2015): Page 4, line 77.

Nguyen et al. (2017): Page 4, line 78.

Gunarathna et al. (2019a): Page 4, line 74.

Gunarathna et al. (2019a): Page 4, line 77.

Gunarathna et al. (2019b): Page 4, line 72.

Khlosi et al. (2016): Page 4, line 78.

At page 6, lines 115-122 (section 2.2.), authors are presenting results in the Material and Methods
section. Therefore, this section should be moved to Results and Discussion section. By the way
the maximum clay content is 48% (Table 1), so the sentence should be rewritten accordingly.
Ans:

Following your suggestion, section 2.2 was moved and is now section 3./ in the ”Results and
discussion” section (Page 15, lines 283-293). Also, the sentence has been rewritten as follows:

"It can be seen that the average and maximum of clay content were 21.4 and 48%, respectively"
(Page 15, lines 285-286).

The same remark as above applies to page 7, lines 135-144 (section 2.4.): to move to Results and
Discussion section.

Ans:
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Following your suggestion, section 2.4 was moved and is now section 3.2 in the ”Results and
discussion” section (Pages 15-16, lines 294-331).

In addition, at line 138, authors are listing the soil properties that have high correlation with van
Genuchten parameters. They did not mention thetapPWP even it had high correlation coefficients!
Ans:

Thank you so much. It is a good point. This point has been mentioned in the manuscript.
Therefore, the sentence has been modified as follows:

"Clay and sand contents, Orc, Opwp, d; and OM had the greatest significant correlations with the
parameters of the van Genuchten model (Fig. 4), which are consistent with other studies (Dexter
et al., 2008; Nemes et al., 2006). For example, the correlation coefficients between clay content
and 65 (r = 0.323) is close to that between the OM and 6, (r = 0.268). Also, the results showed that
there were significant correlations between Opwp and input variables of clay content (+), sand
content (—), BD (-), OM (+) and K (-), and also between Opwp and 6, (+) and n (—) parameters of
the van Genuchten model (Fig. 4) (Fig. 4). Botula et al. (2012) also found the same observation
for the correlation of Opwp with sand and clay contents and BD of tropical Lower Congo soils (Page
16, lines 299-307).

Also, at lines 143 and 144, the authors stated that there was no correlation between van Genuchten
parameters and Ks whereas they used this soil property in PTF14 and PTF15. Could they explain
why they considered Ks even if it not correlated to van Genuchten parameters?

Ans:

There are many cases, where two variables might not show a strong simple correlation, but may
show a strong association in the regression, along with other predictors. In other words, the simple

correlation coefficient is a way to show the relationship between independent and dependent
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variables, but it cannot show a model for the relationship between these two variables, when other
independent variables have been used in a multiple regression (Simmons et al., 2011). The result
of multiple regression analysis with backward selection method showed that the K variable
remained in the PTF14 and PTF15 for all the van Genuchten model parameters. Some of the
regression equations with backward selection method are shown in the following as examples:
0,=-0.69+0.22xClay+0.278xSand+0.20xKg, R=0.31**
a=-3.72+0.23xClay+0.17xBD+0.282xK, R=0.33** and

n=-1.76+0.24xSand+0.164xK, R=0.30**.

On the other hand, the non-linear correlations between variables are very important in this study.
Both the multiple NLR approach and RF data mining technique are non-linear prediction methods.
Fig. 4 only shows simple linear correlation between variables, but there may be non-linear
correlations between variables, which may affect the estimation of the dependent variables. For
example, the results of non-linear correlations showed that K had strong correlations with 8, and
o. of the van Genuchten model parameters by logarithmic (6,=0.652-0.027xInK, R=0.62**) and
power (a=0.007xK %28, R=0.57**) equations, respectively, which were greater than their simple
correlations (Pages 16-17, lines 310-328). In support of this claim, the results showed that by
adding OM and/or K as predictors in the PTFs 13, 14 and 15, the accuracy (Fig. 5B) and reliability
(Fig. 6B) of the prediction of the SWRC improved by 16, 13, 17 and 7.1, 6.3, 6.9%, respectively,
compared to the PTF3 in terms of the /RMSE criterion in the RF method (Pages 25-26, lines 517-
520).

At page 8, line 152, the authors assessed multicollinearity using the variance inflation factor (VIF)

in the Material and Methods section but they reported nothing about this in the Results and
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Discussion section; although they mentioned that silt content was eliminated to avoid
multicollinearity (line 164).

Ans:

You are completely right. The values of variance inflation factor (VIF) for all PTFs have been
added to the manuscript. Therefore, the text has been modified as follows:

"Before developing PTFs, all variables were evaluated by Kolmogorov-Smirnov normality and
multicollinearity tests by the SPSS 24 software (IBM, 2016). The degree of multicollinearity in
the PTFs was tested by the variance inflation factor (VZF=1/1-R?, where R’ is the R’ value
obtained by regressing the j* predictor on the remaining predictors) (Hocking, 2013). Also, to
avoid multicollinearity between textural contents, the silt fraction was not used as a predictor"
(Page 9, lines 157-161). Results of the multicollinearity analysis (VIF) are shown in Table 3. The
VIF values showed low levels of multicollinearity among the independent variables (VIF<10)
(Khodaverdiloo et al., 2011) (Page 17, lines 334-336).

Table 3- The variance inflation factor (VIF') values for normalized form of input variables.

PTFs
Clay* (%)
Sand (%)

BD? (g em™)
Orc (cm? cm)
Opwp (cm? cm3)
d, (mm)
e ()
TP (cm? cm™)
OM (%)
K, (cm day')

PTF2 142 1.42
PTF3 1.43 1.52 1.10
PTF4 145 1.56  1.25 1.31

PTF5 1.79 158 127 248  2.56

PTF6 1.00  1.00
PTF7 1.11 1.11 1.01
PTF8 .25 1.33 1.01 1.22
PTF9 1.28 250 273 134 122
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7 B & 2 2 y
PTF10 1.55 1.43 1.11
PTF11  1.58 1.46 1.32 1.26
PTF12 1.60 1.79 249  2.56 1.28
PTF13  1.48 1.65 1.25 1.14
PTF14 1.55 1.64 1.14 1.06
PTF15 1.55 1.65 1.25 .15  1.06

* Normalized form of input variables is available in Table 2.

$. A list of abbreviations is available in the notation box.

Page 10, lines 198-203, the authors used 20-fold cross validation: the question why the authors
used this specific k value and not, for example, 10 which is the most commonly used one in cross
validation?

Ans:

In the present study, the k-fold cross validation approach (Efron and Tibshirani, 1994) was
utilized to obtain training and testing datasets for each PTF. The number of folds (i. e., k) was
obtained by trial and error. To do so, some PTFs, selected randomly, were developed with 10, 15
and 20-fold cross-validation. Then, the k value which resulted in the best performance of the
PTFs, was selected to develop all PTFs in this study. The results showed that 20-fold cross
validation performed better than the other folds in most of the PTFs (Table 1). Therefore, 20-fold
cross validation was selected to develop PTFs in this study (page 11, lines 201-207).

Table 1- The results of 10, 15 and 20-fold cross-validation (k) for van Genuchten model

parameters of the soil water retention curve derived from nonlinear regression (NLR) and
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random forest (RF) techniques based on root mean square error (RMSE) for pedotransfer

functions PTF 3, 5 and 11 in the train and test datasets.

0, 0, o n
RMSE RMSE RMSE RMSE

Train Test Mean  Train Test Mean  Train Test Mean  Train Test  Mean

PTF3 k=10 NLR 0.058 0.060 0.059 0.063 0.065 0.064 1.017 1.037 1.027 0426 0.436 0.431
RF 0.052  0.061 0.056 0.058 0.073 0.066 0.893 1.084 0989 0374 0442 0.408

k=15 NLR 0.058 0.060 0.059 0.064 0.064 0.064 1.017 1.030 1.024 0.426 0434 0.430

RF 0.052  0.061 0.057 0.058 0.070 0.064 0.894 1.033 0964 0374 0441 0.408

k=20 NLR 0.058 0.060 0.059 0.064 0.064 0.064 0.064 0.064 0.064 0426 0437 0.432

RF 0.051  0.060 0.056 0.057 0.071 0.064 0.057 0.071 0.064 0368 0.442 0.405

PTF5 k=10 NLR 0.051 0.053 0.052 0.053 0.054 0.054 0.764 0.796 0.780 0.380 0.397 0.389
RF 0.043  0.056 0.050 0.046 0.056 0.051 0.675 0.869 0.772 0327 0411 0.369

k=15 NLR 0.051 0.053 0.052 0.053 0.055 0.054 0.764 0.790 0.777 0381 0.399 0.390

RF 0.044  0.054 0.049 0.046 0.055 0.050 0.679 0.848 0.763 0.329 0421 0.375

k=20 NLR 0.051 0.053 0.052 0.053 0.055 0.054 0.765 0.789 0.777 0381 0.399 0.390

RF 0.042 0.054 0.048 0.044 0.054 0.049 0.654 0.842 0.748 0316 0412 0.364

PTFIl k=10 NLR 0.058 0.061 0.060 0.065 0.067 0.066 1.018 1.052 1.035 0.431 0448 0.440
RF 0.050 0.061 0.056 0.047 0.057 0.052 0.770 0978 0.874 0370 0.443 0.406

k=15 NLR 0.058 0.061 0.060 0.065 0.067 0.066 1.019 1.037 1.028 0.432 0.447 0.439

RF 0.050 0.060 0.055 0.047 0.057 0.052 0.770 1.009 0.889 0.369 0.450 0.410

k=20 NLR 0.058 0.060 0.059 0.065 0.065 0.065 1.020 1.024 1.022 0432 0439 0.435

RF 0.049 0.061 0.055 0.046 0.056 0.051 0.745 0964 0.855 0361 0443 0.402

Also, the authors used data from 6 different provinces and 2 soil depths. I wonder if they took
into consideration these two distinguishing factors when they split their data during k-fold cross
validation into training and testing subsets.

Ans:

All soil samples, which have been collected from 6 different provinces and 2 soil depths, have
been assumed as one database and training and testing data have been selected randomly from the
database (which have been included all soil samples). In other words, we have not taken into
consideration these two distinguishing factors (province or depth of sampling) when we split all

data during k-fold cross validation into training and testing subsets.
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Page 10, line 208 and equation (2): the authors noted the number of input variables by n; there
may be confusion with the fourth parameter of van Genuchten model (page 7, equation (1) and
line 131)! Here n may be replaced by p (the number of input variables like in the AIC definition
at page 13, equation (6). By the way the authors should use the same letter: p and not P (line 256)!
Ans:

Thank you so much. The required correction has been done (Page 11, line 216).

Page 13, lines 258-260: the average values can be compared using the analysis of variance
(ANOVA) method and, once they are significantly different, we can use some posthoc tests like
the Duncan test. However, it is not clear what was compared: all the 15 PTFs for both RF and
NLR, and even from Rosetta for the testing datasets (Figures 6 and 7, graphs B) or the 2 or 3
methods (NLR, RF, and Rosetta) separately for each of the 15 PTFs (page 14, lines 270-273). If it
is the former case, Duncan test is useless since it compares 30 mean values (and even 35 if we
consider Rosetta in addition to NLR and RF) and consequently some PTFs are belonging to 2 or 3
different groups (like PTF4 RF, PTF5 NLR, etc. with abc letters) for training data sets (Figure 6)
and even more for the testing dataset (4 letters like h-k or i-1 on Figure 7). Moreover, this statistical
comparison was done only for IRMSE but not for the 3 other cross validation criteria (IME, R?,
and AIC). Is there any explanation?

Ans:

Due to the fact that the performance of both methods was evaluated for all samples, therefore the
mean comparison test can be used to compare the predicting accuracy and reliability of the RF and
NLR methods. In other words, to determine whether the differences in the accuracy and reliability
of the RF and NLR methods are random or real, the mean comparison test could be performed.

One of the aims of the present study was to investigate the performance of each method in different

10
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PTFs. In other words, the performance of each method in each PTF was important to the users.
"To evaluate the performance of each method in different PTFs, the effect of method as the first
factor at two levels in the training step (i.e., NLR and RF methods) and at three levels in the testing
step (i.e., NLR, RF and Rosetta methods), and the different PTFs as the second factor at 15 levels
(PTF1 to PTF15), were investigated using a two-way analysis of variance (ANOVA) with a
randomized complete block design, based on the /RMSE of prediction of the SWRC" (Pages 14-
15, lines 270-275). Table 4 shows the results of the ANOVA of the IRMSE of prediction of the
SWRC by different methods and PTFs. The effect of methods and PTFs, and their interaction, on
the IRMSE was significant at P<0.01, 0.01 and 0.05, respectively, in the training step, and at
P<0.01, 0.01 and 0.01, respectively, in the testing step. Therefore, we focus on the results and
discussion of the comparison of the method x PTF interaction effects (Page 18, lines 340-346).
The IRMSE criterion calculates the total error, including bias and random errors, and is a more
appropriate criterion for evaluating the accuracy and reliability of the RF and NLR methods
compared to other criteria (Chai and Draxler, 2014). Therefore, to compare the predicting accuracy
and reliability of the RF and NLR methods, the average values of the /IRMSE was compared with
Duncan’s test by MathWorks (2018) software (Page 15, lines 275-280).

Table 4- Analysis of variance of the integral root mean square error (/RMSE) of the prediction of
the soil water retention curve by different methods (nonlinear regression and random forest) and

pedotransfer functions (PTFs 1-15) for both the train and test datasets.

Source Degree freedom Mean square  F-value P-value
Train  Repeat (Block) 222 0.007 19.09  <0.0001
PTFs 14 0.062 180.68 <0.0001
Methods 1 0.038 109.69  <0.0001
PTFs x Methods 14 0.001 1.78 0.0356
Error 6288 0.0003
Test  Repeat (Block) 222 0.010 16.04  <0.0001
PTFs 14 0.073 117.22  <0.0001
Methods 2 0.656 1056.43 <0.0001

11
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PTFs x Methods 18 0.002 3.68  <0.0001
Error 7398 0.0006

At page 19, lines 385-387: the authors are discussing the correlation between thetar and referring
to Figure 2 whereas correlation coefficients between thetar and soil proprieties were not included
in this figure!

Ans:

The correlation test was not performed for the 6, variable, because its value was zero in 138 out of
223 soil samples, as has been reported in other studies (Campbell and Horton Jr, 2002; Rawls et
al., 1991; Tomasella et al., 2000) for 6, variable (Pages 15-16, lines 296-299). Therefore, the
sentence has been rewritten as follows: "Therefore, input variables of the textural contents or
statistics can influence the residual saturation region of the SWRC. However, soil water content at
the dry end (high matric suctions) of the SWRC is primarily determined by textural contents
(Hillel, 1998) " (Pages 23-24, lines 470-473).

In addition, the whole subsection 3.1.2.2. is about the importance of the introduction of Ks into
PTF 14 and 15 whereas there was no correlation between van Genuchten parameters and Ks.
How the authors can explain the added value of Ks to the last 2 PTFs even in the absence of
significant correlation?

Ans:

It has been answered in pages 5-6, lines 113-135 of this file.

Furthermore, at page 21, lines 442 and 443, the authors said that Ks is correlated to soil texture
and TP variables whereas it is correlated only to clay content (Figure 2) but not to sand nor to TP.
Ans:

Thank you so much. The sentence has been rewritten as follows:

12
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253
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255

256

257

258

259

260

261

262
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264

265

"The correlation results showed (Fig. 4) that K can be strongly influenced by clay content and

textural statistics (dy and 6,)" (Page 26, lines 524-525).

-Reviewer 2

-I thank the authors for their through addressing my queries and completing the recommended
revisions. The authors should address following points.

Ans:

Thank you so much. Your comments helped us a lot to improve the manuscript.

1. Revise L45-46 as follows: “These findings could provide the scientific basis for further
research on the RF method.”

Ans:

It has been done (page 2, lines 45-46).

2. I could not find the following revision in the revised manuscript, please recheck for its
existence.

L104-105: What do you mean by “topsoil” and “subsoil”? Do you mean A and B horizons or
tillage depth? Be specific. Also, what do you mean with layer in “depending on thickness of
layers™?

Ans:

“topsoil” and ’subsoil” refer to A and B horizons, respectively. It was corrected in the
manuscript. Since the sampling was done from different locations of the various provinces, the
topsoil and subsoil layers of soil at different locations had different depths and thicknesses, and
samples were taken from the center of each layer. Therefore, the samples were taken from different

depths, depending on thickness of the A and B layers.
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289

290

Ans:

Thank you so much. It has been arranged as follows:

Since the sampling was done from different locations of the various provinces, the topsoil and
subsoil layers of soil at different locations had different depths and thicknesses. We collected
samples from the center of the topsoil and subsoil layers, which represented the pedological A and
B horizons, respectively. The sampling depths varied from 10 to 35 cm for topsoil (208 samples)
and from 20 to 45 cm for subsoil (15 samples), reflecting the variation in the soil profiles (pages
6-7, lines 123-130).

3. I do recommend the authors go over the manuscript for mistakes of grammar, typos, sentence
structure, and so on before sending their final copy to the editor.

Ans:

We thank the reviewer for this point. The co-author for whom English is their first language has

been through the manuscript thoroughly and corrected all errors in spelling and grammar.

Eventually;
As it was described point by point, the manuscript was revised significantly.

Acknowledgements

The authors are deeply grateful to anonymous reviewers and the editor for
their helpful comments on the manuscript.

14



291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

References

Araya, S.N., Ghezzehei, T.A., 2019. Using Machine Learning for Prediction of Saturated
Hydraulic Conductivity and Its Sensitivity to Soil Structural Perturbations. Water Resour.
Res. 55(7), 5715-5737.

Botula, Y.-D., Cornelis, W., Baert, G., Van Ranst, E., 2012. Evaluation of pedotransfer functions
for predicting water retention of soils in Lower Congo (DR Congo). Agric. Water Manag.
111, 1-10.

Botula, Y.-D., Cornelis, W.M., Baert, G., Mafuka, P., Van Ranst, E., 2013. Particle size
distribution models for soils of the humid tropics. Journal of Soils and Sediments 13(4),
686-698.

Campbell, G.S., Horton Jr, R., 2002. Methods of Soil Analysis: Part 4, Physical Methods. Soil
Sci. Soc. Am.

Chai, T., Draxler, R.R., 2014. Root mean square error (RMSE) or mean absolute error (MAE)?—
Arguments against avoiding RMSE in the literature. Geosci. Model Dev. 7(3), 1247-
1250.

Dexter, A., Czyz, E., Richard, G., Reszkowska, A., 2008. A user-friendly water retention
function that takes account of the textural and structural pore spaces in soil. Geoderma
143(3), 243-253.

Efron, B., Tibshirani, R.J., 1994. An introduction to the bootstrap. CRC press.

Gunarathna, M., Sakai, K., Nakandakari, T., Momii, K., Kumari, M., 2019a. Machine Learning
Approaches to Develop Pedotransfer Functions for Tropical Sri Lankan Soils. Water

11(9), 1940.

15



313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

Gunarathna, M., Sakai, K., Nakandakari, T., Momii, K., Kumari, M., Amarasekara, M., 2019b.
Pedotransfer functions to estimate hydraulic properties of tropical Sri Lankan soils. Soil
Till. Res. 190, 109-119.

Haghverdi, A., Leib, B.G., Cornelis, W.M., 2015. A simple nearest-neighbor technique to predict
the soil water retention curve. Transactions of the ASABE 58(3), 697-705.

Hillel, D., 1998. Environmental soil physics: Fundamentals, applications, and environmental
considerations. Academic press.

Hocking, R.R., 2013. Methods and applications of linear models: regression and the analysis of
variance. John Wiley & Sons.

IBM, C., 2016. IBM SPSS Statistics for Windows, Version 24.0. Armonk, NY: IBM Corp.

Khlosi, M., Alhamdoosh, M., Douaik, A., Gabriels, D., Cornelis, W., 2016. Enhanced
pedotransfer functions with support vector machines to predict water retention of
calcareous soil. Eur. J. Soil Sci. 67(3), 276-284.

Khodaverdiloo, H., Homaee, M., van Genuchten, M.T., Dashtaki, S.G., 2011. Deriving and
validating pedotransfer functions for some calcareous soils. J. Hydrol. 399(1), 93-99.

LieB, M., Glaser, B., Huwe, B., 2012. Uncertainty in the spatial prediction of soil texture:
comparison of regression tree and Random Forest models. Geoderma 170, 70-79.

MathWorks, 2018. MATLAB: the language of technical computing. Inc., Natick, Massachusetts,
United States.

Nemes, A., Rawls, W.J., Pachepsky, Y.A., 2006. Use of the nonparametric nearest neighbor

approach to estimate soil hydraulic properties. Soil Sci. Soc. Am. J. 70(2), 327-336.

16



334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

Nguyen, P.M., Haghverdi, A., De Pue, J., Botula, Y.-D., Le, K.V., Waegeman, W., Cornelis,
W.M., 2017. Comparison of statistical regression and data-mining techniques in
estimating soil water retention of tropical delta soils. Biosyst. Eng. 153, 12-27.

Rawls, W., Gish, T., Brakensiek, D., 1991. Estimating soil water retention from soil physical
properties and characteristics, Advances in soil science. Springer, pp. 213-234.

Simmons, J.P., Nelson, L.D., Simonsohn, U., 2011. False-positive psychology: Undisclosed
flexibility in data collection and analysis allows presenting anything as significant.
Psychol. Sci. 22(11), 1359-1366.

Szabd, B., Szatmari, G., Takécs, K., Laborczi, A., Mako, A., Rajkai, K., Pasztor, L., 2019.
Mapping soil hydraulic properties using random forest based pedotransfer functions and
geostatistics. Hydrol. Earth Syst. Sci. 23(6), 2615-2635.

Tomasella, J., Hodnett, M.G., Rossato, L., 2000. Pedotransfer functions for the estimation of soil
water retention in Brazilian soils. Soil Sci. Soc. Am. J. 64, 327-338.

Toth, B., Mako, A., Toth, G., 2014. Role of soil properties in water retention characteristics of
main Hungarian soil types. J. Cent. Eur. Agric. 15(2), 137-153.

Wiesmeier, M., Barthold, F., Blank, B., Kégel-Knabner, 1., 2011. Digital mapping of soil organic
matter stocks using Random Forest modeling in a semi-arid steppe ecosystem. Plant Soil

340(1), 7-24.

17



10

11

12

13

14

15

16

17

18

19

20

21

22

23

Estimating the soil water retention curve: comparison of multiple nonlinear regression
approach and random forest data mining technique

M. Rastgou!, H. Bayat’*, and M. Mansoorizadeh?, Andrew S. Gregory*

I Mostafa Rastgou: Ph. D. Student of Soil Science, Department of Soil Science, Faculty of
Agriculture, Bu Ali Sina University, Hamedan, Iran. E-mail: mostafa.rastgo@gmail.com,

2Hossein Bayat: Associate Professor (Ph. D.), Department of Soil Science, Faculty of Agriculture,
Bu Ali Sina University, Hamedan, Iran. Postal Address: Department of Soil Science, Faculty of

Agriculture, Bu Ali Sina University, Hamedan, Iran. E-mail: h.bayat@basu.ac.ir Other e-mail:

hbayat2001@gmail.com. Office phone: +98-81-34424189, Mobile phone: +98-918-8188378.
Fax: +98-81-34424189.

3 Muharram Mansoorizadeh: Assistant professor (Ph. D.), Department of Computer Science,
Faculty of Engineering, Bu Ali Sina University, Hamedan, Iran. E-mail: mansoorm@basu.ac.ir

4 Andrew S. Gregory: Sustainable Agriculture Sciences Department, Rothamsted Research,

Harpenden, Hertfordshire, ALS 2JQ, UK. E-mail: andy.gregory@rothamsted.ac.uk

*Corresponding author (h.bayat@basu.ac.ir, Other e-mail: hbayat2001@gmail.com).



mailto:h.bayat@basu.ac.ir
mailto:h.bayat@basu.ac.ir

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

Estimating the soil water retention curve: comparison of multiple nonlinear regression
approach and random forest data mining technique

Abstract
This study evaluates the performance of the random forest (RF) method on the prediction of the
soil water retention curve (SWRC) and compares its performance with those of non-linear
regression (NLR) and Rosetta-based pedotransfer functions (PTFs), which has not been reported
so far. Fifteen RF and NLR-based PTFs were constructed using readily-available soil properties
for 223 soil samples from Iran. The general performance of RF and NLR-based PTFs was
quantified by the integral root mean square error (/RMSE), Akaike’s information criterion (4/C)
and coefficient of determination (R?). The results showed that the accuracy of the RF-based PTFs
was significantly (P<0.05) better than the NLR-based PTFs, and alse;that the reliability of the
NLR-based PTFs was significantly (P<0.01) better than the RF-based PTFs and all of the
Rosetta-based PTFs. The average values of the IRMSE, AIC and R’ of the RF method were 0.041

cm? cm, -16997.7, and 0.987, and 0.053 cm? cm3, -15547.5, and 0.981 for the training and

testing steps of all PTFs, respectively, whereas these values for the NLR method were 0.046 cm?
cm3, -16616.4, and 0.984, and 0.048 cm3 cm™, -16355.6, and 0.983 for the training and testing
steps, respectively. The PTFS5 of the RF and NLR methods, with the-inputs of sand and clay
contents, bulk density, and the water content at field capacity and permanent wilting point, had
the greatest R’ values (0.987 and 0.989, respectively), and the lowest IRMSE values (0.039 and
0.032 cm? cm?3, respectively);+espeetively; compared to other PTFs for the testing step. Overall,
the RF method had less reliability for the prediction of the SWRC compared to the NLR method

due to overprediction, uncertainty of determination of forest scale and instability in the testing
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step. H-seems-thattThese findings could provide the scientific basis for further research on the

RF method.

Keywords: pedotransfer functions; soil water retention curve; soil texture; soil structure; van

Genuchten.

Notation

Sand content (%)

Clay content (%)

Geometric mean diameter (mm)

Geometric standard deviation (-)

Bulk density (g cm3)

Total porosity (cm? cm3)

Water content at field capacity, 33 kPa (cm? cm?)
Water content at 1500 kPa (cm? cm™)
Organic matter content (%)

Saturated hydraulic conductivity (cm day-!)
Saturated water content (cm? cm)
Residual water content (cm? cm™?)

Random forest

Nonlinear regression

Soil water retention curve

TP
Orc

ePWP

oM

RF
NLR

SWRC

1 Introduction

Soil hydraulic properties are principle factors that control the movement of water and solutes in
the soil. Determination of the soil hydraulic properties is required for many distinct applications
linked with irrigation, land use planning, drainage and drought risk assessment (Dobarco et al.,

2019). The soil water retention curve (SWRC) is one of the most important soil hydraulic
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properties. It defines the relationship between soil matric potential and soil water content (Hillel,
1998). The SWRC is a crucial parameter in soil and water management for sustainable and
improved agricultural production (Shwetha and Varija, 2015). The SWRC depends principally
on texture, structure and bulk density (BD) of soils (Wassar et al., 2016). Many methods have
been introduced for the direct measurement of the SWRC in the laboratory (e.g., the hanging
water column and pressure plate methods) (Klute, 1986) and in the field (e.g., tensiometric)
(Bruce and Luxmoore, 1986). Measurements of the SWRC at several matric potentials can be
expensive, difficult and time-consuming, hence it is common to predict it by modelling (Dobarco
et al., 2019). Modelling of soil water is an essential tool in evaluating the effects of different
managements on crop yield and environmental quality (Verhagen, 1997).

Pedotransfer functions (PTFs) translate easy-to-measure data that we have (e.g., texture class,

particle size distribution (PSD) and BD) into difficult-to-measure data that we need (soil
hydraulic data) (Bouma, 1989). Estimates of the SWRC by the-PTFs are valuable in many
studies, such as hydrology, soil mapping and hydrogeology (Bergesen and Schaap, 2005). The
point- and parametric-based PTFs are generally developed to predict water content at eertain
specific matric potential values and the entire SWRC, respectively, by multiple linear (MLR) and
nonlinear regression (NLR) methods (Gunarathna et al., 2019b; Merdun et al., 2006; Minasny et
al., 1999; Rajkai et al., 2004; Tomasella et al., 2000). Data mining techniques including artificial
neural networks (ANNSs) (Bayat et al., 2013a; Bayat et al., 2013b; Gunarathna et al., 2019a;
Koekkoek and Booltink, 1999; Pachepsky et al., 1996), group method of data handling (GMDH)
(Bayat et al., 2011; Neyshaburi et al., 2015; Pachepsky and Rawls, 1999), nonparametric nearest
neighbor technique (Botula et al., 2013; Gunarathna et al., 2019a; Haghverdi et al., 2015; Nemes

et al., 2006; Nguyen et al., 2017) and support vector machine (SVM) (Khlosi et al., 2016;
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Lamorski et al., 2008; Lamorski et al., 2014; Twarakavi et al., 2009), have been applied
successfully applied-for PTF development.

Random forest (RF), or random decision forests, has become a popular approach as an ensemble
learning method for prediction and classification (Verikas et al., 2011). The RF method has been
developed by Breiman (2001) as an expansion of the classification and regression trees (CART)
technique to provide better performance of prediction results (Wiesmeier et al., 2011). So far,
few studies have been carried out on the application of the RF method in soil science. Eer

example-Toth et al. (2014) applied the RF method to analyze the relationship between soil water

content at four matric suctions e£(0.1, 33. and 1500 kPa, and 150000 kMPa) and Hungarian soil

map information. They found that the importance of soil properties in the prediction of the soil

water content varieds: according to soil type and matric suctions. Recently Szabo et al. (2019)

have developed PTFs based on RF and geostatistics methods to map soil hydraulic properties,

such as water contents at saturation, field capacity and wilting point, for the Balaton catchment

area in Hungary. Araya and Ghezzehei (2019) compared the performances of four machine-

learning algorithms including -the k-nearest neighbors (kKNNs), support vector regression (SVR),

RF. and boosted regression tree (BRT) for prediction of the-saturated hydraulic conductivity.

They found that the BRT models outperformed the other algorithms closely followed by the RF

models. Gunarathna et al. (2019a) tested three machine--learning algorithms including artifieial

neural-networks CANN). KNN. and RF to estimate volumetric water content at the-matric suctions

of 10, 33 and 1500 kPa for soils in Sri Lankan-sets. They recommended that the PTFs to be

developed using the RF algorithm. LieB et al. (2012) studied uncertainty in the spatial prediction

of soil texture by comparison of the RF and regression tree techniques for 56 soil profiles—Fhese

authers-indicated and found that the REformer method provided a better results-better-than-the
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regression-tree. Also, Wiesmeier et al. (2011) utilized the RF technique to develop digital
mapping of the soil organic matter content in 120 soil profiles. They peinted-eutfound that the

prediction accuracy of the RF modeling was acceptable. A review of literatures therefore

revealed that the RF data mining technique has been enly-applied to develop PTFs to predict

specific points-based-PTEs of the SWRC, such as meludinefield capacity and permanent wilting

point, or particular properties such as saturated hydraulic conductivity, but it has not been used

forto developine parametric-based PTFs of the van Genuchten model parameters, so farFhe RE

ar. Therefore, the objective

of the present study was to develop simple parametric-PTFs to predict the SWRC with greater

accuracy and reliability using a novel approach with the RF data mining technique. We-and

compare its performance with those of the multiple ren-Hnearregression{NLR) approach and
with Rosetta software (Schaap et al., 2001) on the prediction of the SWRC through finding the

best input variables and PTFs for the SWRC.

2 Materials and methods

2.1 Sample collection and determination

In the present study 223 undisturbed and disturbed soil samples were taken from six provinces of
Iran including west Azarbaijan (35™ 81 —39™ 4611 N, 44™ 3(1 — 47 23[] E; 60 data), Hamedan
(3325901 — 35 48[ N, 47 341 — 49> 361 E; 55 data), Kermanshah (33™ 411 — 35> 17[] N,
45% 241 — 48" 6] E; 26 data), Kurdistan (34> 450 —36™ 310 N, 45 310] — 48> 13[1 E; 22
data), Mazandaran (35™ 461 — 36> 58] N, 50™ 21[J — 58> 08 E; 30 data) and Fars (27> 2[] —
314201 N, 50™ 4201 — 55 38[1 E; 30 data). Steel cylinders, measuring 5.1 cm in diameter and

3.5 cm in height, were used to collect the undisturbed samples. Since the sampling was done
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from different locations of the various provinces, the topsoil and subsoil layers of soil at different

locations had different depths and thicknesses. We collected ;-and-samples were-taken-from the

center of the topsoil and subsoil eaeh-layers, which represented tepset-and"subsot”refer

tothe pedological A and B horizons, respectivelyy). Therefore—the samples-were-takenfrom

~The sampling depths varied

from 10 to 35 cm for topsoil (A-herizen;-208 samples) and from 20 to 45 cm for subsoil (B

herizon;-15 samples), reflecting the variation in the soil profiles.

Soil PSD was analyzed by the hydrometer method (Gee and Or, 2002), and the geometric mean
and standard deviation of particles diameter (d, and 8, respectively) were calculated by
equations from Shirazi and Boersma (1984). Organic matter (OM) content was determined by
the Walkley and Black (1934) method and BD by the core method (Blake and Hartge, 1986).
Total porosity (TP) was calculated from BD and particle density, and the saturated hydraulic
conductivity (K;) was measured with a constant head permeameter (Klute and Dirksen, 1986).

The SWRC was conbstruetedconstructed by measuring the volumetric water content at the

matric suctions of 0 (saturation status of soil samples), 1, 2 and 5kPa5 kPa with a sandbox
apparatus, and at 10, 25, 50, 100, 200, 500, 1000 and 1500 kPa with a pressure plate apparatus.
Undisturbed samples were used for measurement of the matric suctions from 0 to 100 kPa and
disturbed samples were used for matric suctions from 200 to 1500 kPa. Two key points in the
SWRC are the water contents at field capacity (30 kPa suction; 6gc) and permanent wilting point

(1500 kPa suction; Opwp).
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2.2 Soil-water retention equation
The van Genuchten—Mualem (Eq. (1)) model (Mualem, 1976; van Genuchten, 1980) was utilized
to describe the SWRC data.
1 (D
[
1+ (ah)"}(""j

0=0.+(6.-6,)x

where 6, and 0, are residual and saturated water contents (cm? cm™3), respectively, and 4 is the
soil water suction (kPa). The parameter « is related to the inverse of the air entry pressure (>0,
kPa'!) and n (>1, dimensionless parameter) is related to the pore size distribution of the soil (van
Genuchten, 1980). In the present study, van Genuchten model parameters 6,, ;, « and n were

obtained using the MATLAB software (MathWorks, 2018).
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2.3 Data pre-processing

Data pre-processing and regression assumptions, including detection of outliers, normality test of
the residuals, multicollinearity and independence of the residuals, were applied for all variables
(Berry, 1993). The outliers in the data were identified by the inter-quartile range (IQR) method
(Seo, 2006) and were replaced by the lower and upper threshold values (MathWorks, 2018).
Before developing PTFs, all variables were evaluated by Kolmogorov-Smirnov normality and

multicollinearity tests by the SPSS 24 software (IBM, 2016). The degree of multicollinearity in

the PTFs was tested by the variance inflation factor (VIF=1/1-R?,, where R?; is the R? value

obtained by regressing the j predictor on the remaining predictors) (Hocking, 2013)-(Fable 1.

TheJdE valyesinTable I showed-lowlevels-of multicollinearityamone the-independent

vartables (JAF<10V (K hodaverdilooetal 201 1) -Also, tFo avoid multicollinearity between

textural contents, the silt fraction was eliminatednot used as a predictor. The variables clay

content, sand content, d,, 65, OM, K, @ and n had non-normal distributions, therefore,

transformations were applied to normalize them.

2.4 Developing PTFs

The PTF inputs were arranged in four steps (Fig. 21). The first step (PTFs 1-5) was based on
basic soil properties (i.e., sand content (%), clay content (%), BD (g cm), Ogc (cm?® cm) and
Bpwp (cm? cm3)) according to Rosetta-based PTFs (Schaap et al., 2001) for comparison of

SWRC estimates by other methods.

inated=The parameters of the van Genuchten model were predicted in all steps.
In the second step (PTFs 6-9), d; (mm) and 6, were used as new inputs instead of sand and clay

contents in the previous step to evaluate the efficiency of using statistical descriptors of PSD to
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predict the parameters of the van Genuchten model. To build the third step (PTFs 10-12), TP
(cm? cm?3) replaced BD from PTFs 3-5 to evaluate the effect of using TP instead of BD on the
prediction of the parameters of the van Genuchten model. In other words, the purpose of the
second and third steps was to evaluate whether the use of another form of descriptors of the-soil
structure (TP instead of the BD) and soil texture (d, and 3, instead of the sand and clay contents)
would improve the accuracy of the estimates or not. In the last step, PTFs 13-15 were developed
by including OM (%) and K (cm day') as new variables to evaluate the efficiency of these
instead of the water content at specific matric suctions on the prediction of the van Genuchten
model parameters. The input variables of the 15 PTFs are shown in Fig. 21.

To compare the results of PTFs 1-5 of the RF and NLR methods with those of the Rosetta
models, the parameters of the van Genuchten model (6,, 8, a and n) were estimated by the PTFs
built in the Rosetta software (PTFs 1-5), using the measured values of input variables based on
PTFs 1-5 as predictors in the Rosetta program. The estimated coefficients eftheof the van
Genuchten model were used to calculate the estimated water content at matric suctions from 0 to
1500 kPa (estimated SWRCs). Then curve-by-curve comparison of the measured and estimated
SWRCs was performed with different evaluation statistics. Since there is no training step in the
Rosetta software, the results of the Rosetta model was only compared with the results of the
testing step. To evaluate the effect of using different descriptors of PSD on the prediction of the
SWRC, PTFs 6, 7, 8 and 9 from the second step were compared with PTFs 2, 3, 4 and 5 from the
first step, respectively (Fig. 21). In the same way, to evaluate effect of using different descriptors
of soil structure on the prediction of the SWRC, PTFs 10, 11 and 12 from the third step were

compared with PTFs 3, 4 and -5 from the first step, respectively. Also, the PTFs 13-15 were

10
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compared with the PTFs 4 and 5 to find out the efficiency of OM and K variables as predictors
(Fig. 21).

Fig 21.

In the present study, the k-fold cross validation approach (Efron and Tibshirani, 1994) was

utilized to obtain training and testing datasets for each PTF. The number of folds (i. e., k) hwas

been-obtained by trial and error. To do so, some PTFs, which-were-selected randomly, have

beenwere developed with 10, 15 and 20-fold cross-validation. Then, the k value which was

resulted in the best performance of the PTFs, was selected to develop all PTFs in this study. The

results showed that 20-fold cross validation performed better than the other folds; in most of the

PTFs (Table 1). Therefore, 20-fold cross validation was selected to develop PTFs in this study.

Based on this approach, the 223 samples were randomly divided into 20 subsets and 20 models
were developed by each predicting technique for each PTF. In each model, training and testing
datasets were based on a ratio of 19:1. Finally, the average of the results of 20 models was
calculated for each PTF. Therefore, all data were used for the training and testing steps of the
PTFs.

Table 1-
2.5 Description of modeling techniques
2.5.1 Multiple nonlinear regression
A nonlinearregressionNLR model based on a second-order polynomial for the prediction of the
response variable y from a number of #-p predictors can be written as (Rawls and Brakensiek,

1985):

11
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p

y :a+2(bixi +cixi2) (2)

i=1
where a is the intercept, and two regression coefficients b; and c¢; are determined for every input

variable x;.

2.5.2 Random forest: an ensemble of regression trees

RF has become a popular tool for regression and classification problems. The RF is an ensemble
method based on the regression tree methodology (i.e., elassification-andregression-trees
¢CART)) that was introduced for better performance (Breiman, 2001). The model building
process in the RF is the same as that in the CART method but without pruning (Breiman, 1984).
Also, whereas a regression tree only grows by a single tree;-but the RF grows by forest of trees.
In other words, unlike a regression tree, in the RF for each tree only a subset of the input
variables is applied. The number of inputs in each tree and also the number of trees in the forest
can be distinct and it depends on the dataset. Least-squares boosting (LSBoost) fits regression
ensembles. At every step, the ensemble fits a new learner to the difference between the observed
response and the aggregated prediction of all learners grown previously. The ensemble fits to
minimize the mean-squared error (MathWorks, 2018). The number of trees used here was 16
which was established by trial and error. An architecture of the RF algorithm is shown in Fig. 3-2
where input matrix X consists of N samples and M input variables (sample set S = [(x;, yi), 1= 1,
2, ..., N], (X, Y3&) ERMxR). The bootstrap method is utilized to construct n tree sample sets
from the sample set S. At each bootstrap sample, about one-third of the dataset S was utilized as
out of the bootstrap data or out-of-bag (OOB) data; whereas the rest is called in-bag data
(Ibrahim and Khatib, 2017) (Fig. 32). Modeling of the regression tree is done for each sample
set. In the RF algorithm, all individual trees give a predictive result. The final prediction value is
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calculated based on an average result of all individual trees (Wiesmeier et al., 2011). The
prediction error is defined as follows (Liaw and Wiener, 2002):
nﬂ'(’(’ 2

_ ~008
Z(yi Vi ) 3)

MSE,,, ==

n

tree

where MSEp 1s the mean square error of the OOB data prediction, 7., is the number of trees,
and y; and )9,0 " are the actual value of the OOB data and the average of all OOB predictions,

respectively. Among all the ensemble methods, the RF method has high capability in solving
classification and regression problems, because the RF method combines several simple
regression trees to better optimize prediction (Zaklouta and Stanciulescu, 2012). The RF method
increases differences for each single tree through random selection of the training samples and
different variables at each splitting node. In the present study, the NLR and RF algorithms were
implemented by fitnlm and fitensemble functions in the MATLAB software, respectively.
(MathWorks, 2018).

Fig. 32.

2.6  Evaluation criteria

The estimated water content was computed by estimated parameters of the van Genuchten model
for each PTF at matric suctions from 0 to 1500 kPa. For curve-by-curve comparison of the
measured and predicted SWRCs, different evaluation statistics were used. Various statistical
criteria including integral root mean square error (/RMSFE), integral mean error (/ME) (Tietje and
Tapkenhinrichs, 1993), Akaike’s information criterion (4/C) (Akaike, 1974) and coefficient of
determination (R’) (Wosten et al., 2001), were utilized to assess the predictive ability of the RF

and NLR algorithms, which are defined as:
13
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aa
1 b
33\ _ A
IME(cm cm )_b—a;[(yi yi)dlog|h| (&)
A \2
AIC =N xh{i@]u]) (6)
i=l

R*=1-114 (7)

where 4 is the matric suction (kPa):-.);, y ; and ), are the measured, predicted and average of

the measured values of the water content, respectively, a and b values define the matric suction
range over which the experimental curve is measured, i.e., 0 and 1500 kPa, respectively, and P
and N are the number of parameters and the number of points that were considered in the SWRC,
respectively. In calculating the AIC, N is the total number of points that were considered in the
SWRC of all soil samples (i. e., N= number of soil samples x number of paired points of the
suction-water content for each soil sample), and i is paired points of the suctions-water content
of the SWRC of each soil sample.

To evaluate the performance of each method in different PTFs, the effect of methods as the first

factor at two levels; in the training step (i.e., NLR and RF methods) in-the-trainine-step-and at

three levels; in the testing step (i.e., NLR. RF and Rosetta methods)-4nthe-testinestep, and the

different PTFs as the second factor at 15 levels (PTF1 to PTF15), were investigated using a two-

way analysis of variance (ANOVA) with a randomized complete block design-as-afactorial test,
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based on the JRMSE of prediction of the SWRC. On-the-otherhand—+tThe IRMSE criterion

calculates the total error, including bias and random errors, and is a more appropriate criterion

for evaluating the accuracy and reliability of the RF and NLR methods compared to other criteria

(Chai and Draxler, 2014). Therefore, t*o compare the predicting accuracy and reliability of the

RF and NLR methods, the average values of the IRMSE was compared with Duncan’s test by

MathWorks (2018) software.

3 Results and discussion

3.1 Descriptive statistics of the soil properties

Table +2 summarizes some basic descriptive statistics for soil variables of the entire dataset used

for the development of the PTFs. It can be seen that the average and maximum of clay content

were 21.4 and 48%, respectively Ht-eanbe-seen-that-the-average-clay-content-was21-4-%;and

exeeeded-50%- The OM ranged from 0.17 to 4.41% with a mean of 1.84%, which iwas low due

to the arid and semi-arid climates of Iran. The variation efthein soil texture is shown graphically
in the United States Department of Agriculture (USDA) textural triangle (Fig. 43). Considering
the distribution and range of the variables (Fig. 4-3 and Table +2), the dataset can be considered
as representative of soils in arid and semi-arid regions of Iran.

Table 12

Fig. 43.
3.2 Correlation of input and output variables
The simple correlation coefficients between all variables are depicted by matrix plot in Fig. 14.

Correlation analysis was done between normalized input and output variables. The correlation test

was not performed for the 6, variable, because its value was zero in 138 out of 223 soil samples.:

15



303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

Adse-thezero-value as hasve been reported in seme-other studies (Campbell and Horton Jr, 2002:

Rawls et al., 1991; Tomasella et al., 2000) for 6, variable. Clay and sand contents, Orc, Opwp. dg

and OM had the greatest significant correlations with the parameters of the van Genuchten model
(Fig. +4), which are-was consistent with other studies (Dexter et al., 2008; Nemes et al., 2006). For
example, the correlation coefficients between clay content and 65 (r = 0.323) is close to that

between the-OM and 0, (r = 0.268). Also, the results showed that there were significant correlations

between Opwp_and input variables of clay content (+), sand content (—), BD (—), OM (+) and K,

(=), and also between Opwp_and 0, (+) and n (—) parameters of the van Genuchten model (Fig. 4).

Botula et al. (2012) also found the same observation for the correlation of Opwp with sand and clay

contents and BD of tropical Lower Congo soils. Nevertheless, with regard to these correlation

coefficients, clay and sand contents, Orc, d; and OM can be used for developing PTFs to estimate
the SWRC. On the contrary, there was no correlation between K; and the van Genuchten model

parameters. There are many cases, where two variables might not show a strong simple correlation,

but may show a strong association in the regression, along with other predictors. In other words,

the simple correlation coefficient is a way to show the relationship between twe-independent and

dependent variables, but it cannot show a model for the relationship between these two variables,

when other independent variables have been used in a multiple regression (Simmons et al., 2011).

The results of multiple regression analysis with backward selection method showed that the K

variable remained in the PTF14 and PTF15 for all the van Genuchten model parameters. Some of

the regression equations with backward selection method are shown in the following as examples:

0,=-0.69+0.22xClay+0.278%Sand+0.20xK,, R=0.31** @)

0=-3.72+0.23xClay+0.17xBD+0.282xK,, R=0.33**

(O]
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n=-1.76+0.24xSand+0.164xK,, R=0.30** (10)

On the other hand, the non-linear correlations between variables are very important in this study.

Beeauseboth the multiple nronlinearreeresstonNLR approach and randemferestRF data mining

technique—which-wereused: are non-linear prediction methods. Fig. 4 only shows simple linear

correlation between variables, but there may be non-linear correlations between variables, which

may affect the estimation of the dependent variables. For example, the results of non-linear

correlations showed that K had strong correlations with 6, and a of the van Genuchten model

parameters by logarithmic (§,=0.652-0.027xInK, R=0.62**) and power (¢=0.007xK %283,

R=0.57*%*) equations, respectively. and-these-nontnear-correlationswhich were inereasedsnostly

m-comparisop-wathoreater than their simple correlationsindicatine nonlinearrelationships-of-the

Kwith-6.and-6

between-these-two-variables-

Fig. 41.

3.3 Development of the PTFs using the RF and NLR methods

Results of the multicollinearity analysis (VIF) are shown in Table 23. The VIF values inTFable 2

showed low levels of multicollinearity among the independent variables (V1F<10) (Khodaverdiloo

etal., 2011).

Table 23-
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3.3.1 Comparing the accuracy and reliability of the RF and NLR methods

Table 34 shows the results of analysis-ofvariancethe ANOVA of the /JRMSE of prediction of the

SWRC by different methods and PTFs. The analysis-of-variance-showed-thatthe-effect of type-of

methods and PTFs, and their interaction, on the JRMSE was significant at P-<-0.01, 0.01 and

0.05, respectively, in the training step, and alseat P-<-0.01, 0.01 and 0.01, respectively, in the

testing step. Therefore, we focus on the results and discussion of themean comparison was

performed-andresults-and-discussion-were-written-accordinetoof the method x PTF interaction

effects.
Table 34-
Results of the prediction of the SWRC through the van Genuchten model using the NLR and RF-

based PTFs are depicted in Figs. 5 and 6—+e6 for the training and testing steps, respectively. The

accuracy and reliability are used to express—theexpress the performance of the PTFs in the
training and testing steps, respectively.

The results of the first to fourth steps of the training dataset (Fig. 5) showed that the RF method
had better performance compared to the NLR method for the prediction of the SWRC in all PTFs
in terms of the JRMSE and R’ criteria and the differences were significant (P-<-0.05) for PTFs 2,
3,6,7,10, 13, 14 and 15 in terms of the /RMSE criterion. Also, the accuracy of the RF method
was better than that of the NLR method in 80% of the PTFs (with the exception of the PTFs 5, 9
and 12) in terms of the A/C criterion. In the training step, the values of the IRMSE of the first to
fourth steps for the NLR model varied from 0.030 to 0.063 cm?® cm and these were larger than
those in the RF model, which ranged from 0.028 to 0.061 cm? cm3, respectively. Also, the
values of the R? of the first to fourth steps for the RF model varied from 0.981 to 0.992, and this

was larger than those in the NLR model, which ranged from 0.979 to 0.991 (Fig. 5).
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The results of the first to fourth steps of the testing dataset (Fig. 6) showed that the NLR method
had a better performance compared to the RF method on the prediction of the SWRC for PTFs 5,
8, 9 and 15 only in terms of the /RMSE criterion (significant at P-<-0.05). In the other PTFs
there were no significant differences between the IRMSE of the two methods and the R’ and AIC
criteria were comparable. In the testing step, the values of the IRMSE and AIC of the first to
fourth steps for the RF models varied from 0.038 to 0.065 cm? cm and from -13476.2 to -
17646.8, respectively, and these were comparable to those of the NLR models (with the
exception of the PTF1), which ranged from 0.032 to 0.064 cm? ¢cm™ and from -14096.1 to -
19234.1, respectively (Fig. 6). Also, the values of the R? of the first to fourth steps for the NLR
models varied from 0.979 to 0.989, and this was comparable to those of the RF models for all
PTFs, which ranged from 0.977 to 0.987 (Fig. 6).

In each of the PTFs 1 to 5, the NLR and RF methods performed better (P<0.05) than the Rosetta
PTFs. Fig. 6(A) shows that the Rosetta-based PTFs hawve-had greater values of the IMFE criterion
compared to the NLR and RF-based PTFs. The reason can be attributed to the various methods
of optimizing parameters. The Rosetta method has only one artificial-nevralnetwork(ANN) type
with particular structure. In other words, the number of hidden layers (one) and neurons (six) and
also the activation function (tangent hyperbolic) are constant for prediction of the SWRC in the
Rosetta software. Therefore, the Rosetta method is not a dynamic approach for optimization,
whereas the parameters of the RF method, such as number of splits and trees, and learning rate
continuously and dynamically, change to achieve the best result of the objective function. The
Rosetta method was developed from a guite-large dataset, while the soils used in the present
study were collected from a completely different climate area that was not represented in the

Rosetta's database. Also, presented RF and NLR models were trained using this particular dataset
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while Rosetta had been trained using a different dataset. In other words, the results of the PTFs
in the testing step are-were based on a soil dataset used for training. This could be a reason for
Rosetta's poor performance compared with the RF and NLR methods. As a result, it seems that
the universal portability of the Rosetta method can be limited. The testing results are in
agreement with Touil et al. (2016) who found that the parametric-based PTFs of nonlinear
models; gave a better prediction than the Rosetta PTFs. The Figs. 5(A) and 6(A) showed that all
of the IMFE values were negative for all PTFs at the training and testing steps. There are regular
errors (bias) in the prediction of the SWRC that can be corrected by finding a correction
coefficient, which would improve the accuracy and reliability of the estimations (Bayat et al.,
2015).

Fig. 5.

Fig. 6.

The RF method in the training section gave better predictions of the SWRC compared to the
NLR method-fer-the-prediction-of the SWRC (Fig. 5). The RF method produces low- bias and
variation results-in the data by majority voting compared to a single regression tree (Cheng et al.,
2019; Matin and Chelgani, 2016). In this connection, the results of the standard deviations (SD)
of evaluation criteria in each PTF for the training step (Fig. 5) showed that the RF method had a
lower SD-variation than the NLR method. Accordingly, the values of SD for the JRMSE and R’
criteria were 0.024 and 0.022, respectively, for the NLR model; and these were larger than those
in the RF model, which were 0.020 and 0.017, respectively, for the training step. On the other
hand, the RF method can be applied to high dimensional datasets in regressions (Janitza et al.,

2016; Zhao et al., 2016).
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413 As depicted in Fig. 6, unlike in the training section, the NLR method gave better predictions in
414 the testing section; compared to the RF method for the prediction of the SWRC. In other words,
415  the reliability of the NLR method was better than that of the RF method in all the PTFs. The

416  neonlinearregressionNLR equations can be more useful than the MLR method for the prediction

417  of the SWRC due to their high flexibility (Williams et al., 1992). In other words, the NLR

418  models have capacity to capture nonlinear relationships in the dataset. Tomasella et al. (2000)
'419 successfully developed parametric- PTFs for soils of the humid tropics using polynomials of n
420  order. Medrado and Lima (2014) successfully developed NLR-based PTFs to predict the four
421  parameters of the van Genuchten model for Brazilian soils. Also, Touil et al. (2016) developed
422  parametric-PTFs to predict the SWRC using the NLR method from more readily-available

423  properties such as soil texture, OM content, and BD for 242 soil samples of Algeria. They

424  reported that the parametric-PTFs had better performance eompared-to-thethan Rosetta-based
425  PTFs.

426  In the present study, in contrast to the NLR method; which had less differences between the error
427  values of the training and testing steps;—the, the error values of the RF method in the testing

428  dataset was-were much greater than those in the training dataset. These results can be due to

429  overprediction phenomenon in the RF method. Gupta et al. (2017) expressed that one of the

430  disadvantages of the RF method is the overprediction. In other words, the RF method is a

431  ‘greedy’ method that easily leads to overprediction and instability in the testing step and solving
432  this problem can be of great significance for improving the reliability of the RF method (Liu,
'433 2014). Also, Ma et al. (2005) reported the-instability in results of the RF method. The forest size
434  developed by the RF has not been clearly defined (Liu, 2014). Therefore, oversized scale can

435  decrease the reliability and efficiency of the SWRC prediction. Hong et al. (2016) evaluated
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landslide susceptibility maps produced using the RF method and compared these maps with
those from statistical-based methods, such as logistic regression, and their study revealed that the
performance of the statistical-based methods was better than that of the RF method. Alse;aA
similar result was reported by Esposito et al. (2014). Generally, RFs are best suited for problems
with many input variables and a reasonable sample size. According to the-our results (Figs. 5 and
6), performance of the PTFs was improved by increasing the number of input variables.
3.3.2  Evaluation of the effect of the basic soil properties on prediction performance of the
SWRC
A significant improvement was achieved in the accuracy of PTF5 (with the inputs of Sand
content+Clay content+BD+0gc-+0pwp) compared to other PTFs (with the exception of PTFs 4, 8,
9, 11 and 12) by both NLR and RF methods in terms of the /RMSE criterion (Fig. 5). Among the
PTFs of each method (RF or NLR), PTF5 had the greatest R?(0.992 and 0.991, respectively) and
the smallest JRMSE (0.028 and 0.03, respectively) and 4/C (-19432 and -19571.1, respectively)
valaes-in the training step of the prediction of the SWRC. In connection with the importance of
input variables, an improvement was achieved in the reliability of the prediction of the SWRC by
PTFs 9 (with the inputs of dg+6,+BD+0rc+0pwp) and 12 (with the inputs of Sand content+Clay
content+TP+0gc+ Opwp) from the second and third steps, using the NLR (/RMSE=0.032 cm? cm-
3, AIC=-19234.1 and R*=0.989) and RF (/RMSE=0.038 cm? cm™, AIC=-17646.8 and R’=0.987)
methods, respectively, in comparison with the other PTFs of each method (Fig 6). However, the
differences of the-PTFs 9 and 12 were not significant (P<0.05) with PTFs 4, 5, 8, 11 and 12 in
the NLR method and alse-with PTFs 4, 5, 8, 9 and 11 in the RF method, respectively, in terms of

the JRMSE criterion.
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3.3.2.1 Effect of using different input variables of PSD and soil structure as predictors on the

SWRC prediction

structure,were-used-forprediction-of the SWRCThustTo evaluate the effect of using different

descriptors of the PSD on the prediction of the SWRC, PTFs 2, 3, 4 and 5 (clay and sand
contents) from the first step were compared with PTFs 6, 7, 8 and 9 (d, and 9,) from the second
step, respectively. In the same way, to evaluate the effect of using different descriptors of the-soil
structure on the prediction of the SWRC, PTFs 3, 4 and 5 (BD) were compared with PTFs 10, 11
and 12 (TP) from the third step, respectively. The accuracy and reliability of the prediction of the
SWRC by both NLR and RF methods were not significantly different (P<0.05) (Figs. 5B and
6B). For descriptors of soil structure, the accuracy and reliability of the prediction of the SWRC
by both NLR and RF methods decreased in terms of the /RMSE criterion for PTFs 10 to 12 from
the third step compared to PTFs 3 to 5 (with the exception of PTFs 11 and 12 in the testing step
for the RF method), respectively, when TP was used instead of BD in the list of input variables
(Figs. 5B and 6B). However, the differences were not significant (P<0.05).

The lack of significant differences between textural contents (clay and sand contents) and
statistics (dg and 6,), and also between TP and BD on the SWRC prediction can be due to
correlation of these parameters with the parameters of the van Genuchten model (Fig. +4). The
SWRC ean-beis strongly influenced by the soil structure or pore-size distribution and soil texture
at small and great matric suctions, respectively (Pachepsky et al., 2006). Therefore, input
variables of the textural contents or statistics can influence the residual saturation region of the

SWRC.; However, soil water content at the dry end (high matric suctions) of the SWRC is
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primarily determined by textural contents (Hillel, 1998)which-had-significant-correlations-with-6.
parameter-(with-the-exception-of the-elay-econtent-(Fig—H. Also, TP and BD are indicators of

soil structure and had significant correlations with 6, (Fig. +4). Indeed, TP was calculated by BD

and particle density (Rab et al., 2011).On-the-other-hand;+The d, and d, predictors were derived

from soil textural contents (Shirazi and Boersma, 1984).Jn-other-words,—textural-contents-data
can-be-converted-to-d,-and-6,-by-equations-of Shirazi-and Beersma-(1984)—Alse; FP-was
caleulated- by BD-and-particle-density-(Rab-et-al5-2041)- Therefore, these could be reasons for

similar effects of textural contents and statistics and also TP and BD predictors on the prediction
of the SWRC.

Many researchers used textural contents (Adhikary et al., 2008; Chakraborty et al., 2011;
Minasny et al., 1999; Tomasella and Hodnett, 1998), d, and 6, (Rab et al., 2011; Scheinost et al.,
1997; Ungaro et al., 2005), BD (Bayat et al., 2011; Pachepsky et al., 1998) and TP (Bayat et al.,
2011; Pachepsky et al., 1998; Schaap et al., 1998) as effective predictors to derive point- and
parametric-PTFs. Nemes et al. (2003), Schaap et al. (2001) and Schaap et al. (1998) reported that
the variables of PTF5 have better capability on predicting the parameters of the van Genuchten
(1980) model with an average RMSE of 0.026, 0.044 and 0.058 cm3cm3, respectively.
According to the results of the accuracy (Fig. 5) and reliability (Fig. 6) of PTFs 5, 9 and 12, it
seems that certain points of the SWRC (e.g., Ogc) can help to improve the prediction of the

SWRC and this is in agreement with Schaap et al. (2001). These results indicate that the presence

of at least one moisture points (e.g., Ogc) can improve the prediction of the SWRC. In ether

examplerin-the first step, PTF5 with two moisture points (Ogc+0pwp) and PTF4 with one
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moisture point (Ogc) improved the prediction of the SWRC by 55, 48, 42% and 51, 44, 38% in
terms of the /RMSE criterion compared to the PTFs 1, 2 and 3, respectively, in the RF method in
the training step. In the testing section of the second step, PTF9 with two moisture points
(Bpct+0pwp) and PTF8 with one moisture point (Ogc) decreased the IRMSE by 49, 44% and 44,
39% compared to PTFs 6 and 7, respectively, in the NLR method. The points above are also true
for the RF-based PTF12 in the third step of the testing section. Many researchers successfully
applied Ogc and Opwp as effective predictors to derive point- and parametric-PTFs (Bergesen and

Schaap, 2005; Nemes et al., 2003; Schaap et al., 2001; Touil et al., 2016; Twarakavi et al., 2009).

3.3.2.2 Effect of using OM and K as predictors on the SWRC prediction

To evaluate the effect of using OM and/or K, and points of the SWRC on the prediction of the
SWRC, the performances of PTFs 13, 14 and 15 were compared with those of PTFs 4 and 5. The
accuracy and reliability of the prediction of the SWRC by both NLR and RF methods,

significantly (P<0.05) decreased in terms of the /RMSE, for the PTFs 13, 14 and 15 from the

fourth step, when OM and/or K were used with textural contents and BD as inputs instead of Ogc
or both Ogc and Bpwp in the list of input variables, compared to PTFs 4 and 5 at the first step
(Figs. 5B and 6B). Therefore OM and K were not as effective predictors as Ogc and Opwp in the
prediction of the SWRC, because 0gc and Opwp are two points of the SWRC and enter direct
information of the SWRC into the PTFs, whereas OM and K, enter indirect information, and
therefore had less effect in the improvement of the estimation of the SWRC. These results agreed
well with results obtained by Bergesen and Schaap (2005). They reported that PTFs with the
inputs of Ogc and Opwp had smaller RMSE values than a PTF with the input of OM (0.038 versus

0.042) in the prediction of the SWRC. On the other hand, the results showed that by adding OM
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and/or K as predictors in the PTFs 13, 14 and 15, the accuracy (Fig. 5B) and reliability (Fig. 6B)
of the prediction of the SWRC improved by 16, 13, 17 and 7.1, 6.3, 6.9%, respectively,
compared to the PTF3 in terms of the /RMSE criterion in the RF method.

The SWRC depends mainly on the soil texture and structure (Hillel, 1998), with OM affecting
the SWRC through development of soil structure (Nemes et al., 2005), important at low suctions.
However, the OM retains water itself. Similarly, K can be a descriptive index of soil texture and
porosity (Hillel, 1998). The correlation results showed (Fig—4) that K can be strongly

influenced by clay content and textural statistics (d, and d,) sei-texture-and-TP(Fig. 4). Bayat et

al. (2013b) applied OM and K to estimate water content at the measured matric suctions. They
found that the OM and K can be most appropriately used in point-based PTFs to estimate water
content at the matric suctions of 25 and 50 kPa. Also, the result of the present study agreed well
to-thewith results obtained by Hollis et al. (1977) and Rawls et al. (1983). In this study, the OM
and K in the PTFs 13, 14 and 15 were not effective predictors compared to Ogc and Opwp in the

PTFs 4 and 5, otherwise they had better results than PTF3.

4 Conclusion

Machine-learning tools have been widely applied for the prediction of the SWRC. The present
study evaluated the capability and performance of the RF method as a novel machine learning
tool and compared its performance with that of the nenlinearregression{NLR) method on the
prediction of the SWRC, using different combinations of easily-available soil properties. It was
found that the RF method had a better performance (P<0.05) than the NLR method in the
training step of the prediction of the SWRC in term of the IRMSE, AIC and R’ criteria. However,

in the testing step, NLR had a better performance than RF. The poor performance of the RF
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compared to the NLR method could be due to overprediction in the former, resulting in
instability in the testing step. The RF method can be sensitive to sparse areas on the prediction
space. In other words, the performance and; sensitivity of predictions, and the computational
intensity of the RF method depends on the distribution and number of observations and input
variables. Therefore, this-the method should be tested further with different datasets to evaluate
its performance through soil and water investigations. An improvement was achieved in the
accuracy of the prediction of the SWRC in the training step of the PTFS5 (with the inputs of Sand
content+Clay content+BD+0gc +0pwp) by both NLR and RF methods and also an improvement
was achieved in the reliability of the PTF9 (with the inputs of dg+8,+BD+0rc+0pwp) and PTF12
(with the inputs of Sand content +Clay content+TP+ Ogc+0pwp) by the NLR and RF methods
compared to other PTFs, respectively. Considering that the PTFs 5, 9, and 12 had no significant
difference from PTF4 (with the inputs of Sand content+Clay content+BD+0gc) and PTF8 (with
the inputs of dy+8,+BD+0rc+0pwp), these latter PTFs, with less and more-easily measured input
variables, are suggested to be the best PTFs for the prediction of the SWRC. Also, PTFs without
predictors of Ogc and Opwp, such as the PTF3 (with the inputs of Sand content+Clay content+BD)
and PTF7 (with the inputs of dg+ d,+BD), can be effective models for the prediction of the

SWRC.
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Figure captions

Fig 21. Input variables of the 15 pedotransfer functions (PTFs) for predicting the van Genuchten

model parameters (6,, 8, a and n) of the soil water retention curve (SWRC). A list of

abbreviations is available in the notation box.
Fig. 32. An architecture of a random forest.
Fig. 43. Variation of soil texture classes for the dataset (n = 223) on the United States

Department of Agriculture (USDA) textural triangle.

Fig. 14. Correlation matrix plot between input and output variables.
** Correlation is significant at the P<0.01 level.

* Correlation is significant at the P<0.05 level.

A list of abbreviations is available in the notation box.

Fig. 5. Results of the prediction of the soil water retention curve (SWRC) through the van
Genuchten model by the non-linear regression (NLR) and random forests (RF) techniques for the

training step as reflected in the integral mean error (/MFE), integral root mean square error

(IRMSE), coefficient of determination (R), and Akaike’s information criterion (4/C). Vertical

lines indicate the standard deviations. Means with the same letter are not significantly different at
the significance level of P<0.05_(/RMSE only).
Fig. 6. Results of the prediction of the soil water retention curve (SWRC) through the van

Genuchten model by the Rosetta software, non-linear regression (NLR) and random forests (RF)
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significantly different at the significance level of P<0.05_(/RMSE only).
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Fig 21. Input variables of the 15 pedotransfer functions (PTFs) for predicting the van Genuchten

model parameters (6,, 6, a and n) of the soil water retention curve (SWRC). A list of

abbreviations is available in the notation box.
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846 Fig. 32. An architecture of a random forest.
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Fig. 14. Correlation matrix plot between input and output variables.

** Correlation is significant at the P<0.01 level.

* Correlation is significant at the P<0.05 level.

A list of abbreviations is available in the notation box.
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Fig. 5. Results of the prediction of the soil water retention curve (SWRC) through the van
Genuchten model by the non-linear regression (NLR) and random forests (RF) techniques for the

training step_as reflected in the integral mean error (/ME), integral root mean square error

(IRMSE), coefficient of determination (R;), and Akaike’s information criterion (4/C). Vertical

lines indicate the standard deviations. Means with the same letter are not significantly different at

the significance level of P<0.05_ (/RMSE only).
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Fig. 6. Results of the prediction of the soil water retention curve (SWRC) through the van
Genuchten model by the Rosetta software, non-linear regression (NLR) and random forests (RF)

techniques for the testing step as reflected in the integral mean error (/MFE), integral root mean

square error (/RMSE), coefficient of determination (R,), and Akaike’s information criterion

(AIC). Vertical lines indicate the standard deviations. Means with the same letter are not

significantly different at the significance level of P<0.05_(/RMSE only).
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893

394

895

Table 1- The results of 10, 15 and 20-fold cross-validation (k) for van Genuchten model

parameters of the soil water retention curve derived from nonlinear regression (NLR) and

random forest (RF) techniques based on root mean square error (RMSE) for pedotransfer

functions PTF 3. 5 and 11 in the train and test datasets.

0, oy a n
RMSE RMSE RMSE RMSE
Train  Test Mean Train Test Mean Train  Test Mean Train  Test Mean
PTF3 k=10 NLR 0058 0060 0059 0063 0065 0064 1017 1037 1027 0426 0436 0431
RF 0052 0.061 0.056 0.058 0.073 0.066 0.893 1.084 0989 0374 0442 0.408
k=15 NLR 0058 0060 0059 0064 0064 0064 1017 1.030 1.024 0426 0434 0430
RF 0052 0.061 0.057 0.058 0.070 0.064 0.894 1.033 0964 0374 0441 0.408
k=20 NLR 0058 0060 0059 0064 0064 0064 0064 0064 0064 0426 0437 0432
RFE 0051 0.060 0.056 0057 0071 0.064 0057 0071 0064 0368 0442 0.405
PTF5 k=10 NLR 0051 0053 0052 0053 0054 0054 0764 0796 0.780 0380 0397 0389
RFE  0.043 0.056 0.050 0.046 0.056 0.051 0.675 0.869 0772 0327 0411 0369
k=15 NLR 0051 0053 0052 0053 0055 0054 0764 079 0777 0381 0399 0.390
RF  0.044 0054 0.049 0046 0055 0.050 0.679 0848 0763 0329 0421 0375
k=20 NLR 0051 0053 0052 0053 0055 0054 0765 0789 0777 0381 0399 0.390
RF  0.042 0.054 0.048 0.044 0.054 0.049 0.654 0842 0748 0316 0412 0364
PTF1l k=10 NLR 0058 0061 0.060 0065 0067 0066 1018 1052 1035 0431 0448 0.440
RF 0050 0.061 0.056 0.047 0.057 0.052 0770 0978 0.874 0370 0443 0.406
k=15 NLR 0058 0061 0060 0065 0067 0066 1019 1037 1.028 0432 0447 0439
RF  0.050 0.060 0.055 0.047 0.057 0.052 0.770 1.009 0.889 0369 0450 0.410
k=20 NLR 0.058 0.060 0.059 0.065 0.065 0.065 1.020 1.024 1.022 0432 0439 0435
RF  0.049 0.061 0.055 0.046 0.056 0.051 0745 0964 0.855 0361 0443 0.402
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897  Table 12- Some descriptive statistics of the measured soil variables and parameters of the van

898  Genuchten model of the soil water retention curve for the entire dataset (223 soil samples).

Variables? Mean CV (%) Minimum Maximum P-value
Clay content (%) 21.39 54.05 3.47 48.00 0.00
Log (clay content) 1.27 19.08 0.54 1.68 0.66
Sand content (%) 35.45 48.40 5.90 89.80 0.00
Sand content” -0.01  -14350.94 -3.40 3.14 0.90
Bulk density (g cm) 1.43 10.97 1.03 1.84 0.83
Brc (cm® cm3)3 0.33 20.44 0.15 0.55 0.45
Opwp (cm? cm?) 0.18 26.21 0.04 0.31 0.90
d, (mm) 0.07 86.62 0.00 0.21 0.00
Log (d,) -1.33 -27.91 -2.34 -0.67 0.77
3y (-) 11.57 29.39 4.54 19.97 0.00
" -0.01  -9872.87 -2.53 1.80 0.96
Total porosity (cm? cm3) 0.46 13.26 0.31 0.61 0.67
Organic matter content (%)  1.84 53.68 0.17 4.41 0.00
(Organic matter content)®  1.13 14.83 0.64 1.45 0.86
K (cm day!) 169.10 96.58 0.06 530 0.00
(Ko 3.23 30.37 0.50 4.80 0.59
0, (cm3 cm™) 0.04 158.05 0.00 0.17 0.00
05 (cm? cm™) 0.52 16.26 0.35 0.70 0.56
a (kPal) 0.06 115.62 0.00 0.29 0.00
o* 0.01 8889.14 -2.93 2.19 0.93
n 1.24 9.80 1.08 1.48 0.00
Ln (n-1) -1.55 -30.92 -2.52 -0.74 0.05

899 2 CV, coefficient of variation.

900 5. A list of abbreviations is available in the notation box.

901  * Normalized form of sand content: 0.91+1.06xLn((sand content- 4.3)/(100.2-sand content));
902  normalized form of 8,: -1.04657+1.39359x Asinh((S,- 8.4)/3.04); and normalized form of a:

903  3.6+0.92xLn((a- 8.2x109)/(1.6-0)). P-value is a significance value for normality test.

F04
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FOS Table 23- The variance inflation factor (VIF) values for normalized form of the input variables.

4 § 9 % 8 & 2 5 & g8 %
£ *«s % > 5 5 % S| g = g
O 7 2 : f il = © ¥
PTF2 142 142
PTE3 143 152 LIO
PTF4 145 156 125 131
PTES 179 158 127 248  2.56
PTF6 100 1.00
PTE7 Li1 Lii 101
PTES 125 133 Lol 1.22
PTE9 128 250 273 134 122
PTFI1 158 146 132 1.26
PTF12 160  L79 249 2.56 128
PTF13 148 165 125 Li4
PTF14 155 164 Ll14 L06
PTF1S 155 165 125 Lis  1.06
006  * Normalized form of the input variables is available in Table 2.
007 5. A list of abbreviations is available in the notation box.
908
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909  Table 34- Analysis of variance of the integral root mean square error (/RMSE) of the prediction

910  of the soil water retention curveSWRE by different methods (nonlinear regression and random

911 forest) and pedotransfer functions (PTFs 1-15) for both the train and test datasets.

Source Degree freedom Mean square F-value P-value
Train  Repeat (Block) 222 0.007 19.09  <0.0001
PTFs 14 0.062 180.68 <0.0001
Methods 1 0.038 109.69 <0.0001
PTFs x Methods 14 0.001 1.78 0.0356
Error 6288 0.0003
Test  Repeat (Block) 222 0.010 16.04 <0.0001
PTFs 14 0.073 117.22  <0.0001
Methods 2 0.656 1056.43 <0.0001
PTFs x Methods 18 0.002 3.68 <0.0001
Error 7398 0.0006
912
913
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The RF was compared to NLR method and Rosetta-based PTFs to predict the SWRC
The NLR method had better performance due to higher reliability in the testing step
The RF and NLR-based PTFs performed better than the Rosetta-based PTFs

In the absence of moisture points, OM and K can be suitable predictors for SWRC
d, and 9, can be suitable alternatives for textural fractions in predicting SWRC

Total porosity and bulk density have the same effect in predicting the SWRC
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Estimating the soil water retention curve: comparison of multiple nonlinear regression
approach and random forest data mining technique

Abstract
This study evaluates the performance of the random forest (RF) method on the prediction of the
soil water retention curve (SWRC) and compares its performance with those of nonlinear
regression (NLR) and Rosetta-based pedotransfer functions (PTFs), which has not been reported
so far. Fifteen RF and NLR-based PTFs were constructed using readily-available soil properties
for 223 soil samples from Iran. The general performance of RF and NLR-based PTFs was
quantified by the integral root mean square error (/RMSE), Akaike’s information criterion (4/C)
and coefficient of determination (R?). The results showed that the accuracy of the RF-based PTFs
was significantly (P<0.05) better than the NLR-based PTFs, and that the reliability of the NLR-
based PTFs was significantly (P<0.01) better than the RF-based PTFs and all of the Rosetta-
based PTFs. The average values of the IRMSE, AIC and R’ of the RF method were 0.041 cm?
cm3, -16997.7, and 0.987, and 0.053 cm? cm™3, -15547.5, and 0.981 for the training and testing
steps of all PTFs, respectively, whereas the values for the NLR method were 0.046 cm? cm?3, -
16616.4, and 0.984, and 0.048 cm? cm™3, -16355.6, and 0.983 for the training and testing steps,
respectively. The PTF5 of the RF and NLR methods, with inputs of sand and clay contents, bulk
density, and the water content at field capacity and permanent wilting point, had the greatest R’
values (0.987 and 0.989, respectively), and the lowest IRMSE values (0.039 and 0.032 cm? cm3,
respectively) compared to other PTFs for the testing step. Overall, the RF method had less
reliability for the prediction of the SWRC compared to the NLR method due to overprediction,
uncertainty of determination of forest scale and instability in the testing step. These findings

could provide the scientific basis for further research on the RF method.



47  Keywords: pedotransfer functions; soil water retention curve; soil texture; soil structure; van

48  Genuchten.
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Notation
Sand content (%) S
Clay content (%) C
Geometric mean diameter (mm) dg
Geometric standard deviation (-) Oy
Bulk density (g cm™) BD
Total porosity (cm? cm3) TP
Water content at field capacity, 33 kPa (cm? cm?) Orc
Water content at 1500 kPa (cm? ¢cm™) Opwp
Organic matter content (%) OM
Saturated hydraulic conductivity (cm day™) K
Saturated water content (cm? cm) 0
Residual water content (cm? cm™?) 0,
Random forest RF
Nonlinear regression NLR
Soil water retention curve SWRC

50

51 1 Introduction

52 Soil hydraulic properties are principle factors that control the movement of water and solutes in
53  the soil. Determination of the soil hydraulic properties is required for many distinct applications
54 linked with irrigation, land use planning, drainage and drought risk assessment (Dobarco et al.,
55  2019). The soil water retention curve (SWRC) is one of the most important soil hydraulic

56  properties. It defines the relationship between soil matric potential and soil water content (Hillel,

57 1998). The SWRC is a crucial parameter in soil and water management for sustainable and
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improved agricultural production (Shwetha and Varija, 2015). The SWRC depends principally
on texture, structure and bulk density (BD) of soils (Wassar et al., 2016). Many methods have
been introduced for the direct measurement of the SWRC in the laboratory (e.g., the hanging
water column and pressure plate methods) (Klute, 1986) and in the field (e.g., tensiometric)
(Bruce and Luxmoore, 1986). Measurements of the SWRC at several matric potentials can be
expensive, difficult and time-consuming, hence it is common to predict it by modelling (Dobarco
et al., 2019). Modelling of soil water is an essential tool in evaluating the effects of different
managements on crop yield and environmental quality (Verhagen, 1997).

Pedotransfer functions (PTFs) translate easy-to-measure data that we have (e.g., texture class,
particle size distribution (PSD) and BD) into difficult-to-measure data that we need (soil
hydraulic data) (Bouma, 1989). Estimates of the SWRC by PTFs are valuable in many studies,
such as hydrology, soil mapping and hydrogeology (Bergesen and Schaap, 2005). The point- and
parametric-based PTFs are generally developed to predict water content at specific matric
potential values and the entire SWRC, respectively, by multiple linear (MLR) and nonlinear
regression (NLR) methods (Gunarathna et al., 2019b; Merdun et al., 2006; Minasny et al., 1999;
Rajkai et al., 2004; Tomasella et al., 2000). Data mining techniques including artificial neural
networks (ANNSs) (Bayat et al., 2013a; Bayat et al., 2013b; Gunarathna et al., 2019a; Koekkoek
and Booltink, 1999; Pachepsky et al., 1996), group method of data handling (GMDH) (Bayat et
al., 2011; Neyshaburi et al., 2015; Pachepsky and Rawls, 1999), nonparametric nearest neighbor
technique (Botula et al., 2013; Gunarathna et al., 2019a; Haghverdi et al., 2015; Nemes et al.,
2006; Nguyen et al., 2017) and support vector machine (SVM) (Khlosi et al., 2016; Lamorski et
al., 2008; Lamorski et al., 2014; Twarakavi et al., 2009), have been applied successfully for PTF

development.
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Random forest (RF), or random decision forests, has become a popular approach as an ensemble
learning method for prediction and classification (Verikas et al., 2011). The RF method has been
developed by Breiman (2001) as an expansion of the classification and regression trees (CART)
technique to provide better performance of prediction results (Wiesmeier et al., 2011). So far,
few studies have been carried out on the application of the RF method in soil science. Toth et al.
(2014) applied the RF method to analyze the relationship between soil water content at four
matric suctions (0.1, 33, and 1500 kPa, and 150 MPa) and Hungarian soil map information. They
found that the importance of soil properties in the prediction of the soil water content varied
according to soil type and matric suction. Recently Szabo et al. (2019) have developed PTFs
based on RF and geostatistics methods to map soil hydraulic properties, such as water contents at
saturation, field capacity and wilting point, for the Balaton catchment area in Hungary. Araya
and Ghezzehei (2019) compared the performances of four machine-learning algorithms including
the k-nearest neighbors (kNNs), support vector regression (SVR), RF, and boosted regression
tree (BRT) for prediction of saturated hydraulic conductivity. They found that the BRT model
outperformed the other algorithms closely followed by the RF model. Gunarathna et al. (2019a)
tested three machine-learning algorithms including ANN, kNN, and RF to estimate volumetric
water content at matric suctions of 10, 33 and 1500 kPa for soils in Sri Lanka. They
recommended that the PTFs to be developed using the RF algorithm. Lie§} et al. (2012) studied
uncertainty in the spatial prediction of soil texture by comparison of the RF and regression tree
techniques for 56 soil profiles and found that the former method provided a better result. Also,
Wiesmeier et al. (2011) utilized the RF technique to develop digital mapping of the soil organic
matter content in 120 soil profiles. They found that the prediction accuracy of the RF modeling

was acceptable. A review of literatures therefore revealed that the RF data mining technique has



104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

been applied to develop PTFs to predict specific points of the SWRC, such as field capacity and
permanent wilting point, or particular properties such as saturated hydraulic conductivity, but it
has not been used to develop parametric-based PTFs of the van Genuchten model parameters, so
far. Therefore, the objective of the present study was to develop simple parametric-PTFs to
predict the SWRC with greater accuracy and reliability using a novel approach with the RF data
mining technique. We compare its performance with those of the multiple NLR approach and
with Rosetta software (Schaap et al., 2001) on the prediction of the SWRC through finding the

best input variables and PTFs for the SWRC.

2 Materials and methods

2.1 Sample collection and determination

In the present study 223 undisturbed and disturbed soil samples were taken from six provinces of
Iran including west Azarbaijan (35" 81 —39°46[1 N, 44° 3[1 — 47" 23(1 E; 60 data), Hamedan
(3375901 — 35" 4811 N, 47" 34[1 — 49° 3601 E; 55 data), Kermanshah (33" 4101 — 35" 17[1 N, 45°
241 — 48" 611 E; 26 data), Kurdistan (34" 450 —36° 3111 N, 45° 3111 —48° 13[] E; 22 data),
Mazandaran (35" 461 — 36" 581 N, 50" 21[J — 58° 08[1 E; 30 data) and Fars (27° 2[] —31° 42}
N, 50° 42[] — 55° 38 E; 30 data). Steel cylinders, measuring 5.1 cm in diameter and 3.5 cm in
height, were used to collect the undisturbed samples. Since the sampling was done from different
locations of the various provinces, the topsoil and subsoil layers of soil at different locations had
different depths and thicknesses. We collected samples from the center of the topsoil and subsoil
layers, which represented the pedological A and B horizons, respectively. The sampling depths
varied from 10 to 35 cm for topsoil (208 samples) and from 20 to 45 cm for subsoil (15 samples),

reflecting the variation in the soil profiles.
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Soil PSD was analyzed by the hydrometer method (Gee and Or, 2002), and the geometric mean
and standard deviation of particle diameter (d, and 6, respectively) were calculated by
equations from Shirazi and Boersma (1984). Organic matter (OM) content was determined by
the Walkley and Black (1934) method and BD by the core method (Blake and Hartge, 1986).
Total porosity (TP) was calculated from BD and particle density, and the saturated hydraulic
conductivity (K;) was measured with a constant head permeameter (Klute and Dirksen, 1986).
The SWRC was constructed by measuring the volumetric water content at matric suctions of 0
(saturation status of soil samples), 1, 2 and 5 kPa with a sandbox apparatus, and at 10, 25, 50,
100, 200, 500, 1000 and 1500 kPa with a pressure plate apparatus. Undisturbed samples were
used for measurement of the matric suctions from 0 to 100 kPa and disturbed samples were used
for matric suctions from 200 to 1500 kPa. Two key points in the SWRC are the water contents at

field capacity (30 kPa suction; Ogc) and permanent wilting point (1500 kPa suction; Opwp).

2.2 Soil-water retention equation
The van Genuchten—Mualem (Eq. (1)) model (Mualem, 1976; van Genuchten, 1980) was utilized

to describe the SWRC data.
1 (D

[1+(ah)”}[13

where 6, and 6; are residual and saturated water contents (cm?® cm™), respectively, and 4 is the

0=0,+(0,-0,)x

soil water suction (kPa). The parameter a is related to the inverse of the air entry pressure (>0,
kPa'!) and n (>1, dimensionless parameter) is related to the pore size distribution of the soil (van
Genuchten, 1980). In the present study, van Genuchten model parameters 6,, 6, a and n were

obtained using the MATLAB software (MathWorks, 2018).
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2.3 Data pre-processing

Data pre-processing and regression assumptions, including detection of outliers, normality test of
the residuals, multicollinearity and independence of the residuals, were applied for all variables
(Berry, 1993). The outliers in the data were identified by the inter-quartile range (IQR) method
(Seo, 2006) and were replaced by the lower and upper threshold values (MathWorks, 2018).
Before developing PTFs, all variables were evaluated by Kolmogorov-Smirnov normality and
multicollinearity tests by the SPSS 24 software (IBM, 2016). The degree of multicollinearity in
the PTFs was tested by the variance inflation factor (VIF=1/1-R?;, where R is the R’ value
obtained by regressing the j* predictor on the remaining predictors) (Hocking, 2013). Also, to
avoid multicollinearity between textural contents, the silt fraction was not used as a predictor.
The variables clay content, sand content, dg, 8,, OM, K, a and n had non-normal distributions,

therefore, transformations were applied to normalize them.

2.4 Developing PTFs

The PTF inputs were arranged in four steps (Fig. 1). The first step (PTFs 1-5) was based on basic
soil properties (i.e., sand content (%), clay content (%), BD (g cm™), Orc (cm?® cm3) and Opwp
(cm? cm3)) according to Rosetta-based PTFs (Schaap et al., 2001) for comparison of SWRC
estimates by other methods. The parameters of the van Genuchten model were predicted in all
steps. In the second step (PTFs 6-9), d. (mm) and 6, were used as new inputs instead of sand and
clay contents in the previous step to evaluate the efficiency of using statistical descriptors of PSD
to predict the parameters of the van Genuchten model. To build the third step (PTFs 10-12), TP
(cm? cm?3) replaced BD from PTFs 3-5 to evaluate the effect of using TP instead of BD on the

prediction of the parameters of the van Genuchten model. In other words, the purpose of the
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second and third steps was to evaluate whether the use of another form of descriptors of soil
structure (TP instead of the BD) and soil texture (d, and 3, instead of the sand and clay contents)
would improve the accuracy of the estimates or not. In the last step, PTFs 13-15 were developed
by including OM (%) and K (cm day') as new variables to evaluate the efficiency of these
instead of the water content at specific matric suctions on the prediction of the van Genuchten
model parameters. The input variables of the 15 PTFs are shown in Fig. 1.

To compare the results of PTFs 1-5 of the RF and NLR methods with those of the Rosetta
models, the parameters of the van Genuchten model (6,, 8, a and n) were estimated by the PTFs
built in the Rosetta software (PTFs 1-5), using the measured values of input variables based on
PTFs 1-5 as predictors in the Rosetta program. The estimated coefficients of the van Genuchten
model were used to calculate the estimated water content at matric suctions from 0 to 1500 kPa
(estimated SWRCs). Then curve-by-curve comparison of the measured and estimated SWRCs
was performed with different evaluation statistics. Since there is no training step in the Rosetta
software, the results of the Rosetta model was only compared with the results of the testing step.
To evaluate the effect of using different descriptors of PSD on the prediction of the SWRC, PTFs
6, 7, 8 and 9 from the second step were compared with PTFs 2, 3, 4 and 5 from the first step,
respectively (Fig. 1). In the same way, to evaluate effect of using different descriptors of soil
structure on the prediction of the SWRC, PTFs 10, 11 and 12 from the third step were compared
with PTFs 3, 4 and 5 from the first step, respectively. Also, the PTFs 13-15 were compared with
the PTFs 4 and 5 to find out the efficiency of OM and K variables as predictors (Fig. 1).

Fig 1.

10



194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

In the present study, the k-fold cross validation approach (Efron and Tibshirani, 1994) was
utilized to obtain training and testing datasets for each PTF. The number of folds (i. e., k) was
obtained by trial and error. To do so, some PTFs, selected randomly, were developed with 10, 15
and 20-fold cross-validation. Then, the k value which resulted in the best performance of the
PTFs, was selected to develop all PTFs in this study. The results showed that 20-fold cross
validation performed better than the other folds in most of the PTFs (Table 1). Therefore, 20-fold
cross validation was selected to develop PTFs in this study. Based on this approach, the 223
samples were randomly divided into 20 subsets and 20 models were developed by each
predicting technique for each PTF. In each model, training and testing datasets were based on a
ratio of 19:1. Finally, the average of the results of 20 models was calculated for each PTF.
Therefore, all data were used for the training and testing steps of the PTFs.

Table 1-
2.5 Description of modeling techniques
2.5.1 Multiple nonlinear regression
A NLR model based on a second-order polynomial for the prediction of the response variable y

from a number of p predictors can be written as (Rawls and Brakensiek, 1985):

P

y :a+Z(bl.xi+cl.xi2) (2)

i=1
where a is the intercept, and two regression coefficients b; and ¢; are determined for every input

variable x;.

2.5.2 Random forest: an ensemble of regression trees
RF has become a popular tool for regression and classification problems. The RF is an ensemble
method based on the regression tree methodology (i.e., CART) that was introduced for better
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performance (Breiman, 2001). The model building process in the RF is the same as that in the
CART method but without pruning (Breiman, 1984). Also, whereas a regression tree only grows
by a single tree the RF grows by forest of trees. In other words, unlike a regression tree, in the
RF for each tree only a subset of the input variables is applied. The number of inputs in each tree
and also the number of trees in the forest can be distinct and it depends on the dataset. Least-
squares boosting (LSBoost) fits regression ensembles. At every step, the ensemble fits a new
learner to the difference between the observed response and the aggregated prediction of all
learners grown previously. The ensemble fits to minimize the mean-squared error (MathWorks,
2018). The number of trees used here was 16 which was established by trial and error. An
architecture of the RF algorithm is shown in Fig. 2 where input matrix X consists of N samples
and M input variables (sample set S = [(x;, y;), 1= 1, 2, ..., N], (X, Y) ERMxR). The bootstrap
method is utilized to construct » tree sample sets from the sample set S. At each bootstrap
sample, about one-third of the dataset S was utilized as out of the bootstrap data or out-of-bag
(OOB) data; whereas the rest is called in-bag data (Ibrahim and Khatib, 2017) (Fig. 2). Modeling
of the regression tree is done for each sample set. In the RF algorithm, all individual trees give a
predictive result. The final prediction value is calculated based on an average result of all
individual trees (Wiesmeier et al., 2011). The prediction error is defined as follows (Liaw and
Wiener, 2002):

Moo 2

Z(yi _J;iOOB )
MSE 5y =+

00B

€)

n

tree

where MSEpp 1s the mean square error of the OOB data prediction, 7., is the number of trees,

and y; and )7,0 % are the actual value of the OOB data and the average of all OOB predictions,

respectively. Among all the ensemble methods, the RF method has high capability in solving
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237  classification and regression problems, because the RF method combines several simple

238  regression trees to better optimize prediction (Zaklouta and Stanciulescu, 2012). The RF method
239  increases differences for each single tree through random selection of the training samples and
240  different variables at each splitting node. In the present study, the NLR and RF algorithms were
241  implemented by fitnlm and fitensemble functions in the MATLAB software, respectively.

242 (MathWorks, 2018).

243 Fig. 2.

244

245 2.6 Evaluation criteria

246  The estimated water content was computed by estimated parameters of the van Genuchten model
247  for each PTF at matric suctions from 0 to 1500 kPa. For curve-by-curve comparison of the

248  measured and predicted SWRCs, different evaluation statistics were used. Various statistical

249  criteria including integral root mean square error (/RMSE), integral mean error (IME) (Tietje and
250  Tapkenhinrichs, 1993), Akaike’s information criterion (4/C) (Akaike, 1974) and coefficient of
251  determination (R?) (Wosten et al., 2001), were utilized to assess the predictive ability of the RF

252  and NLR algorithms, which are defined as:

. 1% . 2
IRMSE (cm’ cm 3)=[b_a!(yi —yi)zdlog|h|} 4)
1 b
3 -3\ _ A
IME(cm cm )_b—a;[(yi y, )d log|h| Q)
A \2
AIC =N xln{i@}uyﬂ 6)
i=l
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N
R =1-f— (7)

(v

i=1

where 4 is the matric suction (kPa), ) ;, J; ; and ), are the measured, predicted and average of

the measured values of the water content, respectively, a and b values define the matric suction
range over which the experimental curve is measured, i.e., 0 and 1500 kPa, respectively, and P
and N are the number of parameters and the number of points that were considered in the SWRC,
respectively. In calculating the AIC, N is the total number of points that were considered in the
SWRC of all soil samples (i. e., N= number of soil samples x number of paired points of the
suction-water content for each soil sample), and i is paired points of the suctions-water content
of the SWRC of each soil sample.

To evaluate the performance of each method in different PTFs, the effect of method as the first
factor at two levels in the training step (i.e., NLR and RF methods) and at three levels in the
testing step (i.e., NLR, RF and Rosetta methods), and the different PTFs as the second factor at
15 levels (PTF1 to PTF15), were investigated using a two-way analysis of variance (ANOVA)
with a randomized complete block design, based on the IRMSE of prediction of the SWRC. The
IRMSE criterion calculates the total error, including bias and random errors, and is a more
appropriate criterion for evaluating the accuracy and reliability of the RF and NLR methods
compared to other criteria (Chai and Draxler, 2014). Therefore, to compare the predicting
accuracy and reliability of the RF and NLR methods, the average values of the IRMSE was

compared with Duncan’s test by MathWorks (2018) software.
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3 Results and discussion

3.1 Descriptive statistics of the soil properties
Table 2 summarizes some basic descriptive statistics for soil variables of the entire dataset used
for the development of the PTFs. It can be seen that the average and maximum of clay content
were 21.4 and 48%, respectively. The OM ranged from 0.17 to 4.41% with a mean of 1.84%,
which was low due to the arid and semi-arid climates of Iran. The variation in soil texture is
shown graphically in the United States Department of Agriculture (USDA) textural triangle (Fig.
3). Considering the distribution and range of the variables (Fig. 3 and Table 2), the dataset can be
considered as representative of soils in arid and semi-arid regions of Iran.

Table 2

Fig. 3.
3.2 Correlation of input and output variables
The simple correlation coefficients between all variables are depicted by matrix plot in Fig. 4.
Correlation analysis was done between normalized input and output variables. The correlation test
was not performed for the 6, variable, because its value was zero in 138 out of 223 soil samples,
as has been reported in other studies (Campbell and Horton Jr, 2002; Rawls et al., 1991; Tomasella
et al., 2000) for 6, variable. Clay and sand contents, Orc, Opwp, d; and OM had the greatest
significant correlations with the parameters of the van Genuchten model (Fig. 4), which was
consistent with other studies (Dexter et al., 2008; Nemes et al., 2006). For example, the correlation
coefficient between clay content and 6 (r = 0.323) is close to that between OM and 6 (r = 0.268).
Also, the results showed that there were significant correlations between Opyp and input variables
of clay content (+), sand content (—), BD (), OM (+) and K, (-), and also between Opwp and 0 (+)

and n (—) parameters of the van Genuchten model (Fig. 4). Botula et al. (2012) also found the same
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observation for the correlation of Opwp with sand and clay contents and BD of tropical Lower
Congo soils. Nevertheless, with regard to these correlation coefficients, clay and sand contents,
Orc, dy and OM can be used for developing PTFs to estimate the SWRC. On the contrary, there
was no correlation between K; and the van Genuchten model parameters. There are many cases,
where two variables might not show a strong simple correlation, but may show a strong association
in the regression, along with other predictors. In other words, the simple correlation coefficient is
a way to show the relationship between independent and dependent variables, but it cannot show
a model for the relationship between these two variables, when other independent variables have
been used in a multiple regression (Simmons et al., 2011). The result of multiple regression
analysis with backward selection method showed that the K variable remained in the PTF14 and
PTF15 for all the van Genuchten model parameters. Some of the regression equations with

backward selection method are shown in the following as examples:

0,=-0.69+0.22xClay+0.278xSand+0.20xK,, R=0.31** (®)
a=-3.72+0.23xClay+0.17xBD+0.282xK, R=0.33** 9)
n=-1.76+0.24xSand+0.164xK, R=0.30** (10)

On the other hand, the non-linear correlations between variables are very important in this study.
Both the multiple NLR approach and RF data mining technique are non-linear prediction
methods. Fig. 4 only shows simple linear correlation between variables, but there may be non-
linear correlations between variables, which may affect the estimation of the dependent
variables. For example, the results of non-linear correlations showed that K had strong
correlations with 6; and a of the van Genuchten model parameters by logarithmic (6,=0.652-
0.027xInK, R=0.62**) and power (a=0.007xK %28, R=0.57**) equations, respectively, which

were greater than their simple correlations
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Fig. 4.

3.3 Development of the PTFs using the RF and NLR methods

Results of the multicollinearity analysis (VIF) are shown in Table 3. The VIF values showed low
levels of multicollinearity among the independent variables (V1F<10) (Khodaverdiloo et al., 2011).

Table 3-

3.3.1 Comparing the accuracy and reliability of the RF and NLR methods
Table 4 shows the results of the ANOVA of the IRMSE of prediction of the SWRC by different
methods and PTFs. The effect of methods and PTFs, and their interaction, on the /RMSE was
significant at P<0.01, 0.01 and 0.05, respectively, in the training step, and at P<0.01, 0.01 and
0.01, respectively, in the testing step. Therefore, we focus on the results and discussion of the
comparison of the method x PTF interaction effects.

Table 4-
Results of the prediction of the SWRC through the van Genuchten model using the NLR and RF-
based PTFs are depicted in Figs. 5 and 6 for the training and testing steps, respectively. The
accuracy and reliability are used to express the performance of the PTFs in the training and
testing steps, respectively.
The results of the first to fourth steps of the training dataset (Fig. 5) showed that the RF method
had better performance compared to the NLR method for the prediction of the SWRC in all PTFs
in terms of the JRMSE and R criteria and the differences were significant (P<0.05) for PTFs 2,
3,6,7,10, 13, 14 and 15 in terms of the /RMSE criterion. Also, the accuracy of the RF method
was better than that of the NLR method in 80% of the PTFs (with the exception of the PTFs 5, 9

and 12) in terms of the A/C criterion. In the training step, the values of the /IRMSE of the first to
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fourth steps for the NLR model varied from 0.030 to 0.063 cm? cm and these were larger than
those in the RF model, which ranged from 0.028 to 0.061 cm? cm3, respectively. Also, the
values of the R? of the first to fourth steps for the RF model varied from 0.981 to 0.992, and this
was larger than those in the NLR model, which ranged from 0.979 to 0.991 (Fig. 5).

The results of the first to fourth steps of the testing dataset (Fig. 6) showed that the NLR method
had a better performance compared to the RF method on the prediction of the SWRC for PTFs 5,
8, 9 and 15 only in terms of the /RMSE criterion (significant at P<0.05). In the other PTFs there
were no significant differences between the IRMSE of the two methods and the R’ and AIC
criteria were comparable. In the testing step, the values of the IRMSE and AIC of the first to
fourth steps for the RF models varied from 0.038 to 0.065 cm? cm and from -13476.2 to -
17646.8, respectively, and these were comparable to those of the NLR models (with the
exception of PTF1), which ranged from 0.032 to 0.064 cm? cm™ and from -14096.1 to -19234.1,
respectively (Fig. 6). Also, the values of the R? of the first to fourth steps for the NLR models
varied from 0.979 to 0.989, and this was comparable to those of the RF models for all PTFs,
which ranged from 0.977 to 0.987 (Fig. 6).

In each of the PTFs 1 to 5, the NLR and RF methods performed better (P<0.05) than the Rosetta
PTFs. Fig. 6(A) shows that the Rosetta-based PTFs had greater values of the /ME criterion
compared to the NLR and RF-based PTFs. The reason can be attributed to the various methods
of optimizing parameters. The Rosetta method has only one ANN type with particular structure.
In other words, the number of hidden layers (one) and neurons (six) and also the activation
function (tangent hyperbolic) are constant for prediction of the SWRC in the Rosetta software.
Therefore, the Rosetta method is not a dynamic approach for optimization, whereas the

parameters of the RF method, such as number of splits and trees, and learning rate continuously
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and dynamically, change to achieve the best result of the objective function. The Rosetta method
was developed from a large dataset, while the soils used in the present study were collected from
a completely different climate area that was not represented in the Rosetta's database. Also,
presented RF and NLR models were trained using this particular dataset while Rosetta had been
trained using a different dataset. In other words, the results of the PTFs in the testing step were
based on a soil dataset used for training. This could be a reason for Rosetta's poor performance
compared with the RF and NLR methods. As a result, it seems that the universal portability of
the Rosetta method can be limited. The testing results are in agreement with Touil et al. (2016)
who found that the parametric-based PTFs of nonlinear models gave a better prediction than the
Rosetta PTFs. The Figs. 5(A) and 6(A) showed that all of the /MFE values were negative for all
PTFs at the training and testing steps. There are regular errors (bias) in the prediction of the
SWRC that can be corrected by finding a correction coefficient, which would improve the
accuracy and reliability of the estimations (Bayat et al., 2015).

Fig. 5.

Fig. 6.

The RF method in the training section gave better predictions of the SWRC compared to the
NLR method (Fig. 5). The RF method produces low bias and variation in the data by majority
voting compared to a single regression tree (Cheng et al., 2019; Matin and Chelgani, 2016). In
this connection, the results of the standard deviations (SD) of evaluation criteria in each PTF for
the training step (Fig. 5) showed that the RF method had a lower variation than the NLR method.
Accordingly, the values of SD for the IRMSE and R’ criteria were 0.024 and 0.022, respectively,

for the NLR model and these were larger than those in the RF model, which were 0.020 and
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0.017, respectively, for the training step. On the other hand, the RF method can be applied to
high dimensional datasets in regressions (Janitza et al., 2016; Zhao et al., 2016).

As depicted in Fig. 6, unlike in the training section, the NLR method gave better predictions in
the testing section compared to the RF method for the prediction of the SWRC. In other words,
the reliability of the NLR method was better than that of the RF method in all the PTFs. The
NLR equations can be more useful than the MLR method for the prediction of the SWRC due to
their high flexibility (Williams et al., 1992). In other words, the NLR models have capacity to
capture nonlinear relationships in the dataset. Tomasella et al. (2000) successfully developed
parametric PTFs for soils of the humid tropics using polynomials of n order. Medrado and Lima
(2014) successfully developed NLR-based PTFs to predict the four parameters of the van
Genuchten model for Brazilian soils. Also, Touil et al. (2016) developed parametric-PTFs to
predict the SWRC using the NLR method from more readily-available properties such as soil
texture, OM content, and BD for 242 soil samples of Algeria. They reported that the parametric-
PTFs had better performance than Rosetta-based PTFs.

In the present study, in contrast to the NLR method which had less differences between the error
values of the training and testing steps, the error values of the RF method in the testing dataset
were much greater than those in the training dataset. These results can be due to overprediction
phenomenon in the RF method. Gupta et al. (2017) expressed that one of the disadvantages of
the RF method is the overprediction. In other words, the RF method is a ‘greedy’ method that
easily leads to overprediction and instability in the testing step and solving this problem can be
of great significance for improving the reliability of the RF method (Liu, 2014). Also, Ma et al.
(2005) reported instability in results of the RF method. The forest size developed by the RF has

not been clearly defined (Liu, 2014). Therefore, oversized scale can decrease the reliability and
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efficiency of the SWRC prediction. Hong et al. (2016) evaluated landslide susceptibility maps
produced using the RF method and compared these maps with those from statistical-based
methods, such as logistic regression, and their study revealed that the performance of the
statistical-based methods was better than that of the RF method. A similar result was reported by
Esposito et al. (2014). Generally, RFs are best suited for problems with many input variables and
a reasonable sample size. According to our results (Figs. 5 and 6), performance of the PTFs was
improved by increasing the number of input variables.
3.3.2  Evaluation of the effect of the basic soil properties on prediction performance of the
SWRC
A significant improvement was achieved in the accuracy of PTF5 (with the inputs of Sand
content+Clay content+BD+0gc-+0pwp) compared to other PTFs (with the exception of PTFs 4, 8,
9, 11 and 12) by both NLR and RF methods in terms of the /RMSE criterion (Fig. 5). Among the
PTFs of each method (RF or NLR), PTF5 had the greatest R?(0.992 and 0.991, respectively) and
the smallest JRMSE (0.028 and 0.03, respectively) and 4/C (-19432 and -19571.1, respectively)
in the training step of the prediction of the SWRC. In connection with the importance of input
variables, an improvement was achieved in the reliability of the prediction of the SWRC by PTFs
9 (with the inputs of dg+6,+BD+0rc+0pwp) and 12 (with the inputs of Sand content+Clay
content+TP+0gc+ Opwp) from the second and third steps, using the NLR (/RMSE=0.032 cm? cm-
3, AIC=-19234.1 and R*=0.989) and RF (/RMSE=0.038 cm? cm3, AIC=-17646.8 and R’=0.987)
methods, respectively, in comparison with the other PTFs of each method (Fig 6). However, the
differences of PTFs 9 and 12 were not significant (P<0.05) with PTFs 4, 5, 8, 11 and 12 in the
NLR method and with PTFs 4, 5, 8, 9 and 11 in the RF method, respectively, in terms of the

IRMSE criterion.
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3.3.2.1 Effect of using different input variables of PSD and soil structure as predictors on the
SWRC prediction
To evaluate the effect of using different descriptors of the PSD on the prediction of the SWRC,
PTFs 2, 3, 4 and 5 (clay and sand contents) from the first step were compared with PTFs 6, 7, 8
and 9 (d, and 0,) from the second step, respectively. In the same way, to evaluate the effect of
using different descriptors of soil structure on the prediction of the SWRC, PTFs 3, 4 and 5 (BD)
were compared with PTFs 10, 11 and 12 (TP) from the third step, respectively. The accuracy and
reliability of the prediction of the SWRC by both NLR and RF methods were not significantly
different (P<0.05) (Figs. 5B and 6B). For descriptors of soil structure, the accuracy and
reliability of the prediction of the SWRC by both NLR and RF methods decreased in terms of the
IRMSE criterion for PTFs 10 to 12 from the third step compared to PTFs 3 to 5 (with the
exception of PTFs 11 and 12 in the testing step for the RF method), respectively, when TP was
used instead of BD in the list of input variables (Figs. 5B and 6B). However, the differences
were not significant (P<0.05).
The lack of significant differences between textural contents (clay and sand contents) and
statistics (dg and 6,), and also between TP and BD on the SWRC prediction can be due to
correlation of these parameters with the parameters of the van Genuchten model (Fig. 4). The
SWRC is strongly influenced by the soil structure or pore-size distribution and soil texture at
small and great matric suctions, respectively (Pachepsky et al., 2006). Therefore, input variables
of the textural contents or statistics can influence the residual saturation region of the SWRC.
However, soil water content at the dry end (high matric suctions) of the SWRC is primarily

determined by textural contents (Hillel, 1998). Also, TP and BD are indicators of soil structure

22



455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

and had significant correlations with 6 (Fig. 4). Indeed, TP was calculated by BD and particle
density (Rab et al., 2011).The d, and 3, predictors were derived from soil textural contents
(Shirazi and Boersma, 1984). Therefore, these could be reasons for similar effects of textural
contents and statistics and also TP and BD predictors on the prediction of the SWRC.

Many researchers used textural contents (Adhikary et al., 2008; Chakraborty et al., 2011;
Minasny et al., 1999; Tomasella and Hodnett, 1998), d, and 6, (Rab et al., 2011; Scheinost et al.,
1997; Ungaro et al., 2005), BD (Bayat et al., 2011; Pachepsky et al., 1998) and TP (Bayat et al.,
2011; Pachepsky et al., 1998; Schaap et al., 1998) as effective predictors to derive point- and
parametric-PTFs. Nemes et al. (2003), Schaap et al. (2001) and Schaap et al. (1998) reported that
the variables of PTF5 have better capability on predicting the parameters of the van Genuchten
(1980) model with an average RMSE of 0.026, 0.044 and 0.058 cm3cm3, respectively.
According to the results of the accuracy (Fig. 5) and reliability (Fig. 6) of PTFs 5, 9 and 12, it
seems that certain points of the SWRC (e.g., Ogc) can help to improve the prediction of the
SWRC and this is in agreement with Schaap et al. (2001). These results indicate that the presence
of at least one moisture point (e.g., Ogc) can improve the prediction of the SWRC. In the first
step, PTF5 with two moisture points (Ogc+0pwp) and PTF4 with one moisture point (Ogc)
improved the prediction of the SWRC by 55, 48, 42% and 51, 44, 38% in terms of the IRMSE
criterion compared to the PTFs 1, 2 and 3, respectively, in the RF method in the training step. In
the testing section of the second step, PTF9 with two moisture points (Opc+0pwp) and PTF8 with
one moisture point (Bgc) decreased the /RMSE by 49, 44% and 44, 39% compared to PTFs 6 and
7, respectively, in the NLR method. The points above are also true for the RF-based PTF12 in

the third step of the testing section. Many researchers successfully applied Opc and Opwp as
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effective predictors to derive point- and parametric-PTFs (Bargesen and Schaap, 2005; Nemes et

al., 2003; Schaap et al., 2001; Touil et al., 2016; Twarakavi et al., 2009).

3.3.2.2  Effect of using OM and K as predictors on the SWRC prediction

To evaluate the effect of using OM and/or K, and points of the SWRC on the prediction of the
SWRC, the performances of PTFs 13, 14 and 15 were compared with those of PTFs 4 and 5. The
accuracy and reliability of the prediction of the SWRC by both NLR and RF methods,
significantly (P<0.05) decreased in terms of the /RMSE, for the PTFs 13, 14 and 15 from the
fourth step, when OM and/or K were used with textural contents and BD as inputs instead of Og¢
or both Ogc and Bpwp in the list of input variables, compared to PTFs 4 and 5 at the first step
(Figs. 5B and 6B). Therefore OM and K were not as effective predictors as Ogc and Opwp in the
prediction of the SWRC, because Ogc and Opwp are two points of the SWRC and enter direct
information of the SWRC into the PTFs, whereas OM and K, enter indirect information, and
therefore had less effect in the improvement of the estimation of the SWRC. These results agreed
well with results obtained by Bergesen and Schaap (2005). They reported that PTFs with the
inputs of Ogc and Opwp had smaller RMSE values than a PTF with the input of OM (0.038 versus
0.042) in the prediction of the SWRC. On the other hand, the results showed that by adding OM
and/or K as predictors in the PTFs 13, 14 and 15, the accuracy (Fig. 5B) and reliability (Fig. 6B)
of the prediction of the SWRC improved by 16, 13, 17 and 7.1, 6.3, 6.9%, respectively,
compared to the PTF3 in terms of the /RMSE criterion in the RF method.

The SWRC depends mainly on the soil texture and structure (Hillel, 1998), with OM affecting
the SWRC through development of soil structure (Nemes et al., 2005), important at low suctions.

However, the OM retains water itself. Similarly, K can be a descriptive index of soil texture and

24



500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

porosity (Hillel, 1998). The correlation results showed that K can be strongly influenced by clay
content and textural statistics (d, and 9,) (Fig. 4). Bayat et al. (2013b) applied OM and K to
estimate water content at the measured matric suctions. They found that the OM and K can be
most appropriately used in point-based PTFs to estimate water content at the matric suctions of
25 and 50 kPa. Also, the result of the present study agreed well with results obtained by Hollis et
al. (1977) and Rawls et al. (1983). In this study, the OM and K in the PTFs 13, 14 and 15 were
not effective predictors compared to Ogc and Opwp in the PTFs 4 and 5, otherwise they had better

results than PTF3.

4 Conclusion

Machine-learning tools have been widely applied for the prediction of the SWRC. The present
study evaluated the capability and performance of the RF method as a novel machine learning
tool and compared its performance with that of the NLR method on the prediction of the SWRC,
using different combinations of easily-available soil properties. It was found that the RF method
had a better performance (P<0.05) than the NLR method in the training step of the prediction of
the SWRC in term of the IRMSE, AIC and R’ criteria. However, in the testing step, NLR had a
better performance than RF. The poor performance of the RF compared to the NLR method
could be due to overprediction in the former, resulting in instability in the testing step. The RF
method can be sensitive to sparse areas on the prediction space. In other words, the performance
and sensitivity of predictions, and the computational intensity of the RF method depends on the
distribution and number of observations and input variables. Therefore, the method should be
tested further with different datasets to evaluate its performance through soil and water

investigations. An improvement was achieved in the accuracy of the prediction of the SWRC in
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the training step of the PTFS5 (with the inputs of Sand content+Clay content+BD+0gc +0pwp) by
both NLR and RF methods and also an improvement was achieved in the reliability of the PTF9
(with the inputs of dg+6,+BD+0rc+0pwp) and PTF12 (with the inputs of Sand content +Clay
content+TP+ Opc+0pwp) by the NLR and RF methods compared to other PTFs, respectively.
Considering that the PTFs 5, 9, and 12 had no significant difference from PTF4 (with the inputs
of Sand content+Clay content+BD+0rc) and PTF8 (with the inputs of dy+0,+BD+0pc+0pwp),
these latter PTFs, with less and more-easily measured input variables, are suggested to be the
best PTFs for the prediction of the SWRC. Also, PTFs without predictors of Ogc and Opyp, such
as the PTF3 (with the inputs of Sand content+Clay content+BD) and PTF7 (with the inputs of

dg+ d,+BD), can be effective models for the prediction of the SWRC.
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Figure captions

Fig 1. Input variables of the 15 pedotransfer functions (PTFs) for predicting the van Genuchten
model parameters (6,, 8, a and n) of the soil water retention curve (SWRC). A list of
abbreviations is available in the notation box.

Fig. 2. An architecture of a random forest.

Fig. 3. Variation of soil texture classes for the dataset (n = 223) on the United States Department
of Agriculture (USDA) textural triangle.

Fig. 4. Correlation matrix plot between input and output variables.

** Correlation is significant at the P<0.01 level.

* Correlation is significant at the P<0.05 level.

A list of abbreviations is available in the notation box.

Fig. 5. Results of the prediction of the soil water retention curve (SWRC) through the van
Genuchten model by the nonlinear regression (NLR) and random forests (RF) techniques for the
training step as reflected in the integral mean error (/MFE), integral root mean square error
(IRMSE), coefficient of determination (R;), and Akaike’s information criterion (4/C). Vertical
lines indicate the standard deviations. Means with the same letter are not significantly different at
the significance level of P<0.05 (/RMSE only).

Fig. 6. Results of the prediction of the soil water retention curve (SWRC) through the van
Genuchten model by the Rosetta software, nonlinear regression (NLR) and random forests (RF)
techniques for the testing step as reflected in the integral mean error (/ME), integral root mean
square error (IRMSE), coefficient of determination (R,), and Akaike’s information criterion
(A1C). Vertical lines indicate the standard deviations. Means with the same letter are not

significantly different at the significance level of P<0.05 (/RMSE only).
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abbreviations is available in the notation box.

38



801
802

803

804

805

806

807

808

809

810

811

812

Original training data

N

Bootstrapping and random variable selection

Bootstrap sample S;

Bootstrap sample S, | ...

Bootstrap sample S,ee

In-bag 1 Out-of-bag 1 In-bag 2 Out-of-bag 2 In-bag ntree Out-of-bag ntree
Tree 1 Tree 2 Tree n
Predictor 1 Predictor2 | eeeeeee Predictor n

Majority
voting

Final result

Fig. 2. An architecture of a random forest.

39




100 -

Clay (%)

Sand (%4)

813
814  Fig. 3. Variation of soil texture classes for the dataset (n =223) on the United States Department

815  of Agriculture (USDA) textural triangle.
816
817
818
819
820
821

822

40



823
824

825

826

827

Correlation Matrix

A
Clay J_J[’T"HL 0557 | a6 029" 049" | g2 | 057" 0.14" 0.14° 0237 || 0x™ | 0" | w207
2 ok ek #k o ek ok
Sand pm 0.89 0.29 031 0.22 0.1 0.36 .11 0.29
BD J? 3 030" 0.04 209" | 034 0.01 057" 0.03 0.00
Ok 03 039" 0.06 041" | 0™ .12 067" || 035 | w20
0.3 [oer - -
3 e i Wk i * {lll L
Ypwe 3 045 0.33 021 0.19 0.15 0.51 048
0.5 ek ET] ok T ek LL]
d, i \\ A‘H’-HL .06 0.30 0.25 020 042 0.20 035
- g
28
T 0.08 0.02 ‘ 0.08 o 0.08
5% 1L N o T 0.7 0.17
w 0L N = P YT P T T
O“ i -"'m -ﬂﬁ‘ H A -0.08 n_z]‘H 'fl.lf _{]_23”
H? =R A 58t Saf mus prshaCle Wl
. ; - 03 03 .
K, i*“—- | N ﬂ”ﬂ 0.0 0.0 0.09
0. uq,h : ] [ a . *
2l g 2 + .
N W N )| s
o AN | - W, | T
l 220 2 1 1418 02 04 010203 2 l 20 2 04 0606 1 14 0 2 4 6 04 06 202 %A=
_ ) . _ . n
Clay Sand BD 0 Opup d, 3, P OM K, 0, o

Fig. 4. Correlation matrix plot between input and output variables.
** Correlation is significant at the P<0.01 level.
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Fig. 5. Results of the prediction of the soil water retention curve (SWRC) through the van
Genuchten model by the nonlinear regression (NLR) and random forests (RF) techniques for the
training step as reflected in the integral mean error (IME), integral root mean square error
(IRMSE), coefficient of determination (R;), and Akaike’s information criterion (4/C). Vertical
lines indicate the standard deviations. Means with the same letter are not significantly different at

the significance level of P<0.05 (/RMSE only).
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Fig. 6. Results of the prediction of the soil water retention curve (SWRC) through the van
Genuchten model by the Rosetta software, nonlinear regression (NLR) and random forests (RF)
techniques for the testing step as reflected in the integral mean error (/MFE), integral root mean
square error (IRMSE), coefficient of determination (R;), and Akaike’s information criterion
(AIC). Vertical lines indicate the standard deviations. Means with the same letter are not

significantly different at the significance level of P<0.05 (/RMSE only).
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Table 1- The results of 10, 15 and 20-fold cross-validation (k) for van Genuchten model
parameters of the soil water retention curve derived from nonlinear regression (NLR) and
random forest (RF) techniques based on root mean square error (RMSE) for pedotransfer

functions PTF 3, 5 and 11 in the train and test datasets.

0, 0s o n

RMSE RMSE RMSE RMSE

Train Test Mean  Train Test Mean  Train Test Mean  Train Test  Mean

PTF3 k=10 NLR 0.058 0.060 0.059 0.063 0.065 0.064 1.017 1.037 1.027 0426 0.436 0.431
RF 0.052 0.061 0.056 0.058 0.073 0.066 0.893 1.084 0989 0374 0442 0.408

k=15 NLR 0.058 0.060 0.059 0.064 0.064 0.064 1.017 1.030 1.024 0426 0434 0.430

RF 0.052 0.061 0.057 0.058 0.070 0.064 0.894 1.033 0964 0374 0441 0.408

k=20 NLR 0.058 0.060 0.059 0.064 0.064 0.064 0.064 0.064 0.064 0426 0437 0.432

RF 0.051  0.060 0.056 0.057 0.071 0.064 0.057 0.071 0.064 0368 0.442 0.405

PTF5 k=10 NLR 0.051 0.053 0.052 0.053 0.054 0.054 0.764 0.796 0.780 0.380 0.397 0.389
RF 0.043  0.056 0.050 0.046 0.056 0.051 0.675 0.869 0.772 0.327 0411 0.369

k=15 NLR 0.051 0.053 0.052 0.053 0.055 0.054 0.764 0.790 0.777 0381 0.399 0.390

RF 0.044 0.054 0.049 0.046 0.055 0.050 0.679 0.848 0.763 0.329 0421 0375

k=20 NLR 0.051 0.053 0.052 0.053 0.055 0.054 0.765 0.789 0.777 0381 0.399 0.390

RF 0.042 0.054 0.048 0.044 0.054 0.049 0.654 0.842 0.748 0316 0412 0.364

PTFIl k=10 NLR 0.058 0.061 0.060 0.065 0.067 0.066 1.018 1.052 1.035 0.431 0448 0.440
RF 0.050 0.061 0.056 0.047 0.057 0.052 0.770 0978 0.874 0370 0.443 0.406

k=15 NLR 0.058 0.061 0.060 0.065 0.067 0.066 1.019 1.037 1.028 0.432 0.447 0.439

RF 0.050 0.060 0.055 0.047 0.057 0.052 0.770 1.009 0.889 0.369 0450 0.410

k=20 NLR 0.058 0.060 0.059 0.065 0.065 0.065 1.020 1.024 1.022 0432 0.439 0.435

RF 0.049 0.061 0.055 0.046 0.056 0.051 0.745 0964 0.855 0361 0443 0.402
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868

869  Table 2- Some descriptive statistics of the measured soil variables and parameters of the van

870  Genuchten model of the soil water retention curve for the entire dataset (223 soil samples).

Variables® Mean CV (%) Minimum Maximum P-value
Clay content (%) 21.39 54.05 3.47 48.00 0.00
Log (clay content) 1.27 19.08 0.54 1.68 0.66
Sand content (%) 35.45 48.40 5.90 89.80 0.00
Sand content” -0.01  -14350.94 -3.40 3.14 0.90
Bulk density (g cm™) 1.43 10.97 1.03 1.84 0.83
Orc (cm? cm3)® 0.33 20.44 0.15 0.55 0.45
Opwp (cm? cm3) 0.18 26.21 0.04 0.31 0.90
d, (mm) 0.07 86.62 0.00 0.21 0.00
Log (d,) -1.33 -27.91 -2.34 -0.67 0.77
8 (-) 11.57 29.39 4.54 19.97 0.00
g -0.01  -9872.87 -2.53 1.80 0.96
Total porosity (cm? cm™) 0.46 13.26 0.31 0.61 0.67
Organic matter content (%) 1.84 53.68 0.17 4.41 0.00
(Organic matter content)’®  1.13 14.83 0.64 1.45 0.86
K (cm day') 169.10 96.58 0.06 530 0.00
(K4 3.23 30.37 0.50 4.80 0.59
0, (cm? cm™) 0.04 158.05 0.00 0.17 0.00
0, (cm3 cm?3) 0.52 16.26 0.35 0.70 0.56
a (kPal) 0.06 115.62 0.00 0.29 0.00
o* 0.01 8889.14 -2.93 2.19 0.93
n 1.24 9.80 1.08 1.48 0.00
Ln (n-1) -1.55 -30.92 -2.52 -0.74 0.05

871 2 CV, coefficient of variation.

872 5. A list of abbreviations is available in the notation box.

873  * Normalized form of sand content: 0.91+1.06xLn((sand content- 4.3)/(100.2-sand content));
874  normalized form of 8,: -1.04657+1.39359xAsinh((6,- 8.4)/3.04); and normalized form of a:
875  3.6+0.92xLn((o- 8.2x10°)/(1.6-a1)). P-value is a significance value for normality test.

876
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877  Table 3- The variance inflation factor (VIF) values for normalized form of the input variables.

PTFs
Clay* (%)
Sand (%)

BDS® (g cm™)
Orc (cm? cm3)
Opwp (cm3 cm™)
dg (mm)

3y ()

TP (cm3 cm™)
OM (%)
Ks (cm day')

PTF2 1.42 1.42
PTF3 1.43 1.52 1.10
PTF4 1.45 1.56 1.25 1.31

PTF5 1.79 1.58 127 248 2.56

PTF6 1.00 1.00

PTE7 1.11 1.11 1.01

PTF8 1.25 1.33 1.01 1.22

PTF9 1.28 2.50 2.73 1.34 1.22

PTF10 1.55 1.43 1.11

PTF11  1.58 1.46 1.32 1.26

PTF12  1.60 1.79 2.49 2.56 1.28

PTF13 148 1.65 1.25 1.14

PTF14 1.55 1.64 1.14 1.06
PTF15 1.55 1.65 1.25 1.15 1.06

878  * Normalized form of the input variables is available in Table 2.
879  S. A list of abbreviations is available in the notation box.

880
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881  Table 4- Analysis of variance of the integral root mean square error (/[RMSE) of the prediction of
882  the soil water retention curve by different methods (nonlinear regression and random forest) and

883  pedotransfer functions (PTFs 1-15) for both the train and test datasets.

Source Degree freedom Mean square  F-value  P-value
Train  Repeat (Block) 222 0.007 19.09  <0.0001
PTFs 14 0.062 180.68 <0.0001
Methods 1 0.038 109.69 <0.0001
PTFs x Methods 14 0.001 1.78 0.0356
Error 6288 0.0003
Test  Repeat (Block) 222 0.010 16.04  <0.0001
PTFs 14 0.073 117.22  <0.0001
Methods 2 0.656 1056.43  <0.0001
PTFs x Methods 18 0.002 3.68  <0.0001
Error 7398 0.0006

884
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