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Abstract

Traditional laboratory methods for determining soil properties require a great deal of time and
expense, while reflectance spectroscopy technology is a fast, inexpensive, and convenient way to
predict physical and chemical soil properties. This technology in the spectral range of 400 to 2500
nm (Vis-NIR) as a suitable alternative method to get soil properties are accompanied by problems
and challenges to extract considered properties. In this paper, we propose Minimum Variance
based-Bayes Combination (MVBC) method to predict the soil properties. In the proposed MVBC
method, we design two steps, prediction and combination for the training phase. Firstly, in the
prediction step, five regression methods, i.e., partial least square regression (PLSR), kernel Ridge
regression (KRR), linear regression (LR), gradient boosting regression (GBR) and random forest
(RF) method used to calculate and estimate nine soil properties, i.e., CaCo3, CEC, Clay, N, OC,
PH in CaCl2, PH in H2O, Sand and Silt, separately. Secondly, in the combination step, the
estimation errors of all regressions in the prediction step are determined to assign appropriate
weight to each of them in the Bayesian framework based on minimum variance. These two steps
are repeated until the final estimation error reaches an acceptable minimum value. Finally, these
results and the trained system are used for the test phase. Experiments are reported to evaluate the
effectiveness of the proposed MVBC method on real soil data, which shows the good performance
of the proposed method with better results than other methods.

Keywords: Bayes combiner, Minimum variance, Regression, Soil properties, Prediction, Vis-NIR
spectroscopy.

1. Introduction

Soil plays a very fundamental role in the natural environment of humankind and provides the
basic needs of human society [1]. It has the role of reservoirs of nutrients for plant growth. It
is also a reservoir for carbon that can modify the effects of global warming. The soil’s ability
to perform any of these tasks depends on the structure, composition, chemical, physical, and5

biological properties of the soil, all of which change over time and place [2]. Hence, knowing the
soil properties is essential for planning and monitoring agriculture and the environment [3].
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Over the past 30 years, numerous soil physical and chemical properties, such as soil texture,
moisture, soil organic carbon (SOC), cationic exchange capacity (CEC), total nitrogen (N), ex-
changeable potassium (K), clay, silt and coarse, have been investigated using the spectroscopic10

approach based on different regression and machine learning approaches [4, 5, 6, 7, 8]. The results
of these methods are used in the fields of soil pollution, environmental monitoring, urban planning
and agriculture [9, 10].

Among machine learning methods, there are various regression methods to predict the model
parameters, including k-Nearest Neighbors (kNN), support vector machines (SVM), linear regres-15

sions, logistic regressions, neural networks (NN), extreme learning machines (ELM), deep learning
(DL), RF, GBR, and generalized boosted models (GBM). Each approach has its own advantages
and disadvantages. Among these, the GBR method has attracted the attention of many researchers
and many studies have been done on this, such as [11, 12, 13, 14, 15], and some of which have
sought to improve the performance of this method [16, 17]. Among the strengths and weaknesses20

of the GBR Method can be named Heterogeneous data usage (features measured on a different
scale), different loss functions supporting (e.g. Huber), automatically (non-linear) feature interac-
tions detecting, careful tuning requiring, slowly training but fast predicting, unable to extrapolate.
GBR method use boosting rule to combinate several regressors and in this way, it eliminates the
weaknesses of boosted methods [18].25

On the other hand, many works of literature in machine learning and pattern recognition focus
on combining different types of regressors and classifiers, in which methods are combined with
different rules to eliminate the weaknesses of single-mode. Different methods usually associated
with different values of errors in a multiple regressor or classifier system. The deficiencies of each
method are compensated by the efficiency of the others in combination framework. The overall30

system accuracy is improved by taking into account the difference in the local behaviors of each of
the regressors or classifiers methods. Also, the risk of wrong choosing an ineffective single method
could be diminished in combination framework [19, 20]. Various combination rules are proposed
including multiplying, averaging, majority voting, bagging, and boosting [21, 22]. Some studies
compared these rules theoretically and empirically [23, 24], and some papers try to improve the35

performance of them, for instance, the boosting scheme AdaBoost.RT for regression problems in
[18]. As another example, Sandip et al. studied a new smart ensemble of artificial neural networks
and Gradient Boosted Trees (GBT) and showed this stacking ensemble works better than MLP,
CNN, SVM, and GBT [25]. In other words, in this work, by cumulating these two methods in a
group, a new method is presented that has better performance than the two methods individually.40

Similarly, in this paper, we try to improve the accuracy of GBR by employing and focusing on a
new combination rule named Minimum Variance based-Bayes combination (MVBC).

Traditional laboratory methods of soil analysis are unable to satisfy such demands because
they are expensive and time-consuming. One of the most common soil sensing techniques is visible
(VIS) and near-infrared (NIR) spectroscopy used to estimate soil properties [26]. Nowadays, the45

use of these soil analysis techniques is increasing because they are fast, cost-effective and has
high sampling resolution [27, 28]. The reflectance spectra of soil can determine the inherent
spectral behavior of soil components and be used to quantify these components concurrently [29].
Besides, soil spectra often have very high dimensionality. For example, each spectrum in the
Land Use/Land Cover Area Frame Survey (LUCAS) soil spectral library has 4200 Vis-NIR-SWIR50

absorbance measurements [3].
Robust calibration algorithms and large spectral libraries are needed for implementing a Diffuse

Reflectance Spectroscopy (DRS) approach [28]. Note that the most important thing to enhance the
accuracy of the Vis-NIR measurement of soil properties is the optimal selection of the calibration
model [30].55

Over the past few years, several global calibration algorithms such as partial least squares
regression (PLSR) [31], support vector regression (SVR) [32], multivariate adaptive regression
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splines (MARS) [33], random forest (RF) [34], etc have been applied in soil DRS studies. Five
multivariate techniques such as step-wise multiple linear regression, PCR, PLSR, regression tree
and committee trees were implemented by [35] and the results showed that the PLSR technique60

had the best performance compared to other techniques. The PLSR approach captures the linear
relationship between a soil property and reflectance spectra, while other algorithms such as SVR,
MARS, and RF capture non-linear relationships between reflectance spectra and the soil property
[36]. As a result, because of its simplicity and satisfactory performance, the PLSR method is one
of the most commonly used algorithms in soil DRS studies [8]. DRS approaches, in combination65

with regression methods, are a viable tool to predict different soil properties. So the proposed
MVBC method aims to:

• Predict soil properties such as CaCo3, CEC, OC, TN, PH in CaCl2, PH in H2O, clay, silt
and sand in two steps, prediction and combination for the training phase.

• In the prediction step, five regression methods, i.e., PLSR, KRR, LR, GBR and RF, used to70

calculate and estimate the nine soil properties.

• In combination step, the estimation errors of all regressions in the prediction step are de-
termined to assign appropriate weight to each of them in the Bayesian framework based on
minimum variance.

• These two steps are repeated until the final estimation error reaches an acceptable minimum75

value.

• The obtained results and the trained system are used for the test phase.

• The experiment results are reported to evaluate the effectiveness of the proposed MVBC
method on real soil data to compare these methods with each other.

The rest of this paper is organized as follows: section 2 demonstrates our proposed MVBC method.80

Section 3 includes the introduction of materials and comparison methods. Section 4 describes the
experimental results and discussion. Finally, Section 5 represents the conclusion.

2. Materials and methods

2.1. The LUCAS topsoil database

The LUCAS Program started in 2001 as an area frame survey organized and managed by85

Eurostat (the statistical office of the European Union). The survey is based on the visual assessment
of parameters that are considered relevant for agricultural management [3]. From the subset of
200,000 points of the general LUCAS survey, approximately 20,000 geo-referenced topsoil samples
were collected and analyzed for the 25 European union member states that are summarized in Table
3. These soil samples, weighing about 0.5 kg each, were dispatched to a central laboratory for90

physical and chemical analyses. The LUCAS topsoil dataset is obtained from the Joint Research
Center (JRC) and can be used for non-commercial purposes [38]. The LUCAS soil points are
representative for the land use and topography within each country, to a different degree, depending
on the heterogeneity of land use and topography of the country. The selection of the sampling sites
has an inherent bias towards agricultural land (predominantly under arable cultivation), followed95

by grasslands and woodlands. Distribution of the sampled sites across major land use classes by
countries is given in Table 3 [3]. Diffuse high resolution reflectance spectra were collected for all
samples using a spectroscope measuring a continuous reflectance spectrum from 400 to 2500 nm
with 0.5 nm spectral resolution. Also, laboratory analysis of the samples was performed between
December 2009 and June 2011. The soil properties of LUCAS-samples analyzed in the laboratory100
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Table 1: soil properties of LUCAS-soil samples analysed in 2009-2011 [3].

Soil property Unit
Decimal

s
Method/ Standard

Coarse fragments % 0 ISO 11464. 2006
Particle size distribution - - ISO 11277. 1998
Clay content % 0
Silt content % 0
Sand content % 0
PH(CaCl2) - 2 ISO 10390. 1994
PH(H2O) - 2 ISO 10390. 1994
Organic carbon g/kg 1 ISO 10694. 1994
Carbonate content g/kg 0 ISO 10693. 1994
Phosphorus content mg/kg 1 ISO 11263. 1994
Total nitrogen content g/kg ISO 11261. 1994
Extractable potassium
content

mg/kg 1 USDA, 2004

MULTISPECTRAL Properties FOSS Manual 2009
Cation exchange capacity cmol(+)/kg 1 ISO 11260. 1994

Figure 1: Density of LUCAS topsoil sampling [37].

are shown in Table 1 [3]. The density of LUCAS topsoil sampling as measured by the number of
sites in a grid of 10 × 10 km2 is shown in Figure 1. Areas with no or low numbers of sampling
sites may lead to certain soil types being underrepresented or missing in the database [37].

Table 2: Regression methods description.
Regression Methods Description

PLSR A simple method to analyze partial least squares in different sciences [39].
LR In this method, only one independent variable is used to identify and predict the dependent variable [40].

KRR A regularized least square method for classification and regression fields [41].
GBR A boosting ensemble method that use several learning algorithms in order to achieve better performance [42].
RF A bagging technique that consists of several trees and combine the result of multiple decision trees to determine the final output [43].
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2.2. Methods used for prediction

In this study, five regression methods including PLSR, KRR, LR, GBR and RF are used to105

predict soil physical and chemical properties which are described in Table 2.

2.3. The proposed MVBC method

In this paper, we propose the Minimum Variance based-Bayes Combination (MVBC) method
to obtain soil properties from soil samples. The block diagram of the proposed MVBC method
is depicted in Fig 2 and its theoretical development is described in appendix A. According to the110

chart of Fig 2, the proposed method operates to estimate soil data properties in training and test
phases. The training phase consists of two steps, prediction, and combination. In the prediction
step, there is a regression bank that contains L regressors (i.e., PLSR, KRR, LR, GBR, and RF
for this paper), in which the soil properties θi ∈ RM , ∀i = 1, ..., L are estimated separately using
input training data Y tr = {ytr1 , ..., ytrNtr

}. L and M are the numbers of regressors and dimensions115

of the parameters. The values of these are equal to 5 and 9, respectively. Also, Ntr is the size of
training data and covers 70% of the total soil data. Next, in combination step, the Bayes Combiner
based on Bayesian estimation [44] is used to create a weighted combination of all regressors whose
explanation and theory are given in the appendix A. These weights wi,∀i = 1, ..., L are selected and
then optimized in minimum variance framework using the error between estimated soil properties120

θ∗ and the optimal values of them in each iteration. In this step, the lower value of variance error
for the regressor leads to higher weight wi and more confidence of that regressor among others.
Secondly, in the test phase, the soil properties θ∗ are estimated for test data Y ts = {yts1 , ..., ytsNts

}
using the optimal weights w∗ determined in the training phase, where, Nts is the size of test data
with 30% of the total soil data.
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Figure 2: Block diagram of the proposed MVBC method. The training phase operates in the prediction and
combination steps based on Bayesian estimator. The prediction step to estimate the soil properties θ∗, and the
combination step to optimize the regressors weights W ∗.

125

2.4. Prediction accuracy measures

Different statistics are used to assess the accuracy of each step of the prediction process. These
statistics include the coefficient of determination (R2), root mean square error for prediction (RM-
SEP) and the ratio of the performance to the deviation (RPD). According to studies, one of the
most commonly used indicators for measuring accuracy in spectrophotometric studies is the RPD130

index. The RMSE shows the mean absolute error that was calculated by the model between the

5



Table 3: LUCAS 2009 Topsoil samples by countries and mainland use* [3].

Country
Total

number of samples
Cropland

annual crops
Cropland

permanent crops
Woodland Shrubland Grassland

Austria 420 145 3 121 6 134
Belgium 71 35 1 15 - 18
Cyprus 90 25 9 14 14 25
Czech Republic 431 227 6 88 2 95
Denmark 232 166 1 25 2 34
Estonia 220 54 - 103 5 54
Finland 1716 314 1 1261 22 94
France 2952 1525 88 380 53 830
Germany 1947 928 27 410 3 549
Greece 491 150 100 64 60 88
Hungary 497 314 6 60 4 104
Ireland 233 11 - 19 9 174
Italy 1333 549 268 127 39 285
Latvia 349 78 - 126 8 132
Lithuania 356 137 1 69 2 141
Luxembourg 3 1 - 2 - -
Malta 19 1 1 - - 9
Netherlands 211 88 - 22 - 88
Poland 1648 829 21 304 11 446
Portugal 476 45 71 193 52 99
Slovakia 268 111 2 83 7 64
Slovenia 112 8 1 68 3 32
Spain 2696 1321 419 215 105 350
Sweden 2256 185 - 1802 47 146
UK 942 354 - 72 21 458
Total 19967 7601 1026 5643 475 4449
*The numbers given in this table correspond to samples which can be uniquely associated to a geographical reference.

observed estimators and the measured values [45]. This method is based on the comparison be-
tween predicted and observed values of dependent variables. The common formula for this type of
validation is defined as Eq. (1).

RMSEP =

√∑n
i=1(Yobs,i − Ypre,i)2

n
(1)

Where n is the number of samples and Yobs, Ypre are respectively predicted and observed values135

at observation i.
The R2 is the proportion of the variance in the dependent variable that is predictable from the

independent variable. It is a statistical measure of how close the data are to the fitted regression
line. It is also known as the coefficient of determination or the coefficient of multiple determination
for multiple regression [46]. R2 is defined as:140

R2 = 1−
∑n
i=1 (Yobs,i − Ypre,i)2∑n
i=1(Yobs,i − Y )2

(2)

Where Y is the mean of the observed data. RPD is defined as the standard deviation of observed
values divided by the Root Mean Square Error of Prediction (RMSEP). The RPD takes both the
prediction error and the variation of observed values into account, providing a metric of model va-
lidity that is more objective than the RMSEP and more easily comparable across model validation
studies. The greater the RPD, the better the model’s prediction performance. Generally, large145

values of R2 and RPD and small RMSE values represent a model with good predictive ability [47].
The RPD is calculated as Eq. (3)

RPD =
Sy

RMSEP
(3)

where Sy is the standard deviation of the observed values.

6



Figure 3: Mean, median, maximum and minimum visible and near-infrared (VIS-NIR) soil spectra obtained for all
soil samples.

Table 4: Statistical descriptions of soil properties.
soil properties unit Mean Median Minimum Maximum Standard Deviation Skewness
Caco3 g/kg

calibration 42.94 42 1 111 26.19 0.18
validation 42.80 42 1 111 25.96 0.22

CEC cmol(+)/kg
calibration 38.19 37 0 111 18.38 0.24
validation 38.55 38 0 111 18.33 0.20

Clay %
calibration 54.80 1 0 944 128.65 2.87
validation 53.33 1 0 822 127.35 2.89

N g/kg
calibration 29.45 19.6 0 567 30.20 3.72
validation 30.05 19.8 0 481 30.99 3.39

OC g/kg
calibration 191.64 132 0 7340 230.48 9.46
validation 190.31 131 0 4670 222.79 6.54

PH in CaCl2 -
calibration 29.53 21.8 0 790 30.92 3.30
validation 29.80 21.89 0 1370 39.02 13.14

PH in H2O -
calibration 5.71 5.79 2.62 9.25 1.37 -0.21
validation 5.68 5.75 2.66 8.08 1.38 -0.19

Sand %
calibration 6.30 6.33 3.41 10.09 1.30 -0.13
validation 6.27 6.32 3.56 9.65 1.31 -0.13

Silt %
calibration 14.16 11.69 0 159 10.57 1.99
validation 14.14 11.59 0 137 10.70 2.24

3. Results and discussion

3.1. Hyperparameter Tuning150

The RBF kernel is selected for the KRR and additionally, the grid-search [48] is used to de-
termine proper alpha and gamma parameters of the regressor. The best values are identified by
searching through 1.0, 0.1, 0.01 and 0.001 for alpha, and 0.01, 0.1, 1.0, 10 and 100 for gamma. For
PLSR, values between 1 and 100 were searched, and the best number of components is selected.
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The number of iterations is set to 500 and tolerance used in the iterative algorithm is set to 1e-155

06. The least-square loss function is selected for the GBR, also the number of boosting stages
to perform is set to 450. The maximum depth of the individual regression estimators is set to
4. The minimum number of samples required to split an internal node is set to 2 as default and
the learning rate to 0.15. For the random forest regressor, the number of trees in the forest is
set to 200. The default values in the sklearn library [49] are used for the rest of the regressors’160

parameters.

3.2. Analyses of soil properties and reflectance spectrum

The mean, median, maximum and minimum spectra of the Vis-NIR reflectance spectrum cor-
responding soil samples are shown in Figure 3. The maximum and minimum values indicate the
spectral range for each wavelength. In this study, soil properties with NAN values were eliminated165

from the total dataset, and the number of samples decreased from 19,967 to 17,931. 80% of samples
were selected as calibration dataset and 20% as validation dataset. Furthermore, the descriptive
statistics for soil properties are shown in Table 4. Based on the properties of soil samples obtained
from the laboratory analysis, it is clear that the mean and median values for each soil property
vary only slightly and there were no extreme values in the minimum and maximum values.

Table 5: Correlation matrix of soil properties.
Variables clay silt sand PH in H2O PH in Cac OC CaCO3 N CEC
clay 1 0.37 -0.75 0.49 0.49 -0.01 0.30 0.20 0.68
silt 0.37 1 -0.88 0.25 0.24 -0.02 0.15 0.08 0.23
sand -0.75 -0.88 1 -0.42 -0.41 0.00 -0.25 -0.18 -0.51
PH in H2O 0.49 0.25 -0.42 1 0.98 -0.35 0.51 -0.13 0.50
PH in CaCl2 0.49 0.24 -0.41 0.98 1 -0.37 0.52 -0.18 0.48
OC -0.01 -0.02 0.00 -0.35 -0.37 1 -0.12 0.85 0.28
CaCO3 0.30 0.15 -0.25 0.51 0.52 -0.12 1 -0.08 0.22
N 0.20 0.08 -0.18 -0.13 -0.18 0.85 -0.08 1 0.48
CEC 0.68 0.23 -0.51 0.50 0.48 0.28 0.22 0.48 1

170

3.3. Correlation coefficients between soil properties

Table 5 shows the linear correlation coefficients between soil properties of the whole dataset. As
illustrated in Table 5, a strong correlation (correlation coefficient > 0.75) were found between PH
in H2O and PH in CaCl2 (R = 0.98). The correlation between OC and other soil properties were
very low and the highest correlation was observed between OC and N (R = 0.85). Physical soil175

properties [50] including clay, silt and sand had a weak correlation between each other. The highest
correlation was observed between clay and silt (R = 0.37). In addition, chemical soil properties
[50] including PH and CEC had a moderate correlation between each other (R = 0.50 for PH in
H2O and R = 0.48 for PH in CaCl2 ). Also CEC had a moderate correlation with clay (R = 0.68)
and N (R = 0.48). Note that sand had no correlation to other soil properties in LUCAS dataset.180

3.4. Performance evaluation of machine learning approaches to predict soil properties.

Table 6 shows R2, RMSEP and RPD measures corresponding prediction of soil properties using
machine learning approaches (regressors). As it is illustrated in Table 6, the PLSR method had
the higher performance in the prediction of Caco3, PH in CaCl2 and PH in H2O, and the KRR
method had the higher performance in the prediction of CEC, Clay, N, OC and Silt soil properties.185

All methods had very low performance to predict two soil properties namely sand and silt (most
R2 value of 65.24 % and 56.54 % ,respectively).
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Table 6: Results of predicting soil properties using GBR, KRR, LR, PLSR, and RF methods by R2, RPD, and
RMSEP measures.

Soil properties Prediction Measures
Prediction Methods

GBR KRR LR PLSR RF

CaCO3

R2 74.23% 91.52% 89.00% 92.20% 68.13%
RPD 0.77 3.43 3.01 0.72 0.79
RMSEP 64.64 37.08 42.24 35.56 71.88

CEC
R2 46.69% 71.19% 59.25% 70.95% 49.65%
RPD 0.8 1.86 1.57 0.76 0.81
RMSEP 7.82 5.75 6.83 5.77 7.6

Clay
R2 54.35% 75.90% 63.91% 73.46% 53.17%
RPD 0.8 2.04 1.67 0.75 0.81
RMSEP 8.9 6.47 7.92 6.79 9.02

N
R2 55.17% 74.53% 62.34% 72.06% 55.30%
RPD 0.8 1.98 1.63 0.77 0.82
RMSEP 1.13 0.85 1.04 0.89 1.13

OC
R2 60.77% 76.15% 67.25% 75.54% 54.08%
RPD 0.79 2.05 1.75 0.76 0.82
RMSEP 19.4 15.13 17.73 15.32 20.99

Ph in CaCl2

R2 64.46% 84.82% 85.01% 88.39% 61.07%
RPD 0.79 2.57 2.58 0.73 0.83
RMSEP 0.82 0.54 0.54 4.71E-01 0.86

Ph in H2O
R2 65.13% 84.04% 84.04% 87.61% 62.80%
RPD 0.79 2.5 2.5 0.73 0.82
RMSEP 0.78 0.53 0.53 4.64E-01 0.8

Sand
R2 45.63% 65.24% 51.30% 63.32% 46.49%
RPD 0.83 1.7 1.43 0.77 0.84
RMSEP 19.14 15.31 18.12 15.73 18.99

Silt
R2 40.39% 56.54% 37.55% 52.49% 43.87%
RPD 0.83 1.52 1.27 0.79 0.84
RMSEP 14.15 12.09 14.49 12.63 13.73

Figure 4: The calculated weights of methods to combine.

3.5. Method weights to combine

As mentioned above, the proposed MVBC method predicts soil properties by weighting the
regressors (machine learning approaches) and combining the outputs of each regressor. Also, any190

regressor that has more certainty in its outputs (right or wrong outputs) will have more weight.
Hence, the weight of each method is calculated for predicting soil properties. In Figure 4 the
contribution of each regressor to predicting soil properties is calculated. The PLSR and KRR
methods, which performed better than the other regressors in predicting soil properties, were
given more weight. Finally, new outputs were obtained by applying calculated weights to the195

output of each regressor and combining the results.
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3.6. Comparison methods performance with the proposed MVBC method

Figure 5 shows a comparison of the R2 values of predicted soil properties for each of the methods
used in this study. As shown in Figure 5, the R2 values related to the proposed MVBC method
were higher than R2 values of regressors to predict soil properties. Therefore, it can be conducted200

that the proposed method performs better in predicting all soil properties. Also, the MVBC
method performed poorly in predicting Sand and Silt soil properties like the other regressors, but
it performed better than them. As a result, although the outputs of the proposed method are
similar to high-performance methods (regressors that had high weights than other regressors) and
retain their features, it also improves their performance slightly.

Figure 5: R2 values of predicting (a) CaCo3, (b) CEC, (c) Clay, (d) N, (e) OC, (f) Ph in CaCl2, (g) Ph in H2o, (h)
Sand and (i) Silt soil properties for regressors and the proposed MVBC method (combined method).

205

3.7. Proposed MVBC method limitations and improvement

As mentioned, the MVBC method predicts soil properties by assigning weights to regressors
used for predicting soil properties. As a result, regressor with the more weight, had a greater impact
on determining soil properties. Hence, the MVBC method has features similar to regressors. The
main weakness of this method is that the prediction operation depends on the performance of210

the regressors. Therefore, the higher the performance of regressors, the better the performance
of the proposed MVBC method. Consequently, by eliminating the poor performance regressors
in predicting soil properties (regressors with the lower weights in combination), the performance
of the MVBC method can be improved to predicting soil properties. Therefore, at each step, the
least weighted regressor is removed and as shown in Table 7, the removal of poorly performing215

regressors improves the performance of the proposed method.
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Table 7: The MVBC method evaluation by remove poorly performance methods.

soil properties Prediction measures
MVBC method

5 method 4 method 3 method

CaCO3

R2 92.38% 92.40% 92.72%
RPD 3.62 3.62 3.64
RMSEP 35.15 35.10 35.06

CEC
R2 72.01% 72.30% 72.69%
RPD 1.89 1.9 1.91
RMSEP 5.66 5.63 5.59

Clay
R2 76.09% 76.27% 76.77%
RPD 2.04 2.05 2.07
RMSEP 6.44 6.41 6.35

N
R2 75.21% 75.32% 75.66%
RPD 2 2.01 2.02
RMSEP 0.84 0.83 0.83

OC
R2 77.54% 77.68% 77.79%
RPD 2.11 2.11 2.13
RMSEP 14.67 14.63 14.62

PH in CaCl2

R2 88.91% 88.91% 88.93%
RPD 2.93 2.95 2.96
RMSEP 0.46 0.45 0.45

Ph in H2O
R2 88.23% 88.28% 88.38%
RPD 2.84 2.86 2.87
RMSEP 0.45 0.44 0.44

Sand
R2 66.53% 66.69% 67.27%
RPD 1.72 1.73 1.74
RMSEP 15.02 14.98 14.85

Silt
R2 57.95% 57.96% 59.15%
RPD 1.54 1.54 1.56
RMSEP 11.88 11.88 11.71

Table 8: Results of evaluating proposed MVBC method by R2, RPD, and RMSEP measures using ICRAF-ISRIC
Soil Dataset.

Soil properties Prediction Measures
Prediction Methods

GBR KRR LR PLSR RF MVBC Method

Ca
R2 0.73 0.84 -0.01 0.82 0.67 0.86
RPD 0.78 2.54 1.00 0.75 0.82 2.58
RMSE 9.22 7.03 17.87 7.54 10.21 6.96

CEC
R2 0.80 0.80 0.03 0.82 0.75 0.85
RPD 0.77 2.22 1.01 2.37 0.79 0.74
RMSE 7.74 7.71 16.80 7.22 8.59 6.58

Clay
R2 0.81 0.89 0.03 0.86 0.80 0.89
RPD 0.73 2.99 1.02 0.72 0.76 3.05
RMSE 9.72 7.45 21.90 8.21 9.87 7.29

N
R2 0.20 0.39 -25.51 0.53 0.42 0.55
RPD 0.75 1.28 0.19 1.45 0.80 1.48
RMSE 0.14 0.12 0.78 0.10 0.12 0.09

OC
R2 0.72 0.64 0.15 0.73 0.63 0.75
RPd 0.83 1.67 1.09 1.93 0.85 1.97
RMSE 1.20 1.37 2.10 1.18 1.40 0.91

Ph in H2O
R2 0.80 0.89 0.00 0.87 0.78 0.91
RPD 0.74 2.99 1.00 0.71 0.77 3.05
RMSE 0.61 0.45 1.35 0.49 0.64 0.42

3.8. Proposed method evaluation

To evaluate the performance of the proposed MVBC method, we performed the prediction
operation presented in this paper on the ICRAF-ISRIC Soil Dataset [51]. This dataset consists of
4,438 soil samples from 58 countries and spectral library of visible near-infrared spectra between220

350 to 2500 nm. Soil chemical and physical properties such as Ca, CEC, Clay, N, OC and PH in
H2O, for each soil sample were measured. The values of R2, RPD and RMSEP were calculated
and shown in Table 8. As could be seen in Table 8, the proposed MVBC method performs better
than individual regressors.

The combined MVBC method calculates the error variance of all methods used for combination,225

recognizes their performance and determines the effect of each of them to predict soil properties. It
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can be concluded that the proposed MVBC method uses the strengths of methods used to combine
and attributes less weight to the poorly performing regressors. The MVBC method neutralizes the
effect of low performance regressors.

4. Conclusions230

In this study, physical and chemical soil properties such as CaCo3, CEC, Clay, N, OC, PH in
CaCl2, PH in H2o, Sand, and Silt were predicted by PLSR, kernel Regression, Linear Regression,
Gradient Boosting Regression and Random Forest methods. Also, a Minimum Variance based-
Bayes Combination (MVBC) method is proposed in this study to improve prediction performance
of soil properties. This method works by assigning weights to regressors according to their perfor-235

mances and the certainty of the report. Finally, by combining the outputs of each regressor and
applying its weights, it predicts soil properties. Based on the results, it was found that the pro-
posed method performs better than all regressors used to predict soil properties. Also, considering
the dependency of the proposed method on the performance of all regressors used to predict soil
properties, it is clear that by removing the poorly performing regressor from the combination, the240

performance of the MVBC method improves.

Appendix A. Theoretical development of the proposed MVBC method

In the proposed MVBC method, soil properties are estimated in training and test phases,
the training phase of which has two stages called prediction, and combination. In the prediction
step, the regression bank contained L regressors which estimated the soil properties θ ∈ RM245

separately using training data Y tr = {ytr1 , ..., ytrNtr
}. Then, the Bayes Combiner creates a weighted

combination of all regressors in combination step, where the weights are optimized in minimum
variance framework via the error between estimated soil properties θ∗ and the optimal values of
them. These optimal weights w∗ determined in this phase are used in the test phase to estimate
the soil properties θ∗ for test data Y ts = {yts1 , ..., ytsNts

}. In the following, the proposed MVBC250

method and the problem formulation are elaborated.

Appendix A.1. Problem formulation

Let φ be the set of target soil properties, in which the proposed MVBC method aims to estimate
them. The problem in this paper try to find their optimal values using Bayes Combiner based on
the Bayesian estimator. The Bayesian estimation of a property vector, φ, is based on minimization255

of a Bayesian risk function, R, defined as an average loss function [52] as follows:

{φ∗} = arg min
φ∗

R (φ∗) = arg min
φ∗

Eφ {L (φ∗, φ)} (A.1)

where φ∗, E(.) and L are the optimal value of the target properties φ, expectation operator and
the loss function, respectively. Assume D be the set of observation data, so R (φ∗) in Eq. (A.1)
can be rewritten as:

R (φ∗) =

∫
φ

∫
D

L (φ∗, φ) fφ,D (φ,D) dφdD (A.2)

If we expand the fφ,D probability function, we obtain R (φ∗) as follows:260

R (φ∗) =

∫
φ

∫
D

L (φ∗, φ) fφ|D (φ|D) fD (D) dφdD (A.3)

The loss function, L, assigns the proper weights to the outcomes to associate a high loss with
outcomes that are undesirable or disastrous. The risk function R in Eq. (A.3) is averaged over
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the space of all values of the observation vector D and the parameter φ. For a given observation
vector D, fD (D) is a constant and has no effect on the risk minimization problem. Hence this
equation can be written as a conditional risk function R (φ∗|D):265

R (φ∗|D) =

∫
φ

L (φ∗, φ) fφ|D (φ|D) dφ (A.4)

In this problem, we used L separated regressors to estimate the optimal value φ∗ in overall pa-
rameter space φ, which consists of L sub-spaces φ1, ..., φL. Thus, Eq. (A.4) over the space φ can
be expressed via the linear combination of sub-problems over sub-spaces φ1,...,φL with trainable
weights w1, ..., wL. Therefore, we get:

R (φ∗|D) =

L∑
i=1

wi

∫
φi

L (φ∗i , φi) fφi|D (φi|D) dφi (A.5)

where wi is the weight of i-th regressor with positive value, which should be optimal for this270

trainable combiner, so it is added to the argument of the optimization problem {φ∗, w∗} =
arg min
φ∗,w∗

R (φ∗|D). By using the delta loss function L (φ∗, φ) = 1 − δ (φ∗, φ), Eq. (A.5) is con-

verted to the following optimization problem:

{φ∗, w∗} = arg min
φ,w

L∑
i=1

wi
[
1− fφi|D (φi|D)

]
= arg max

φ,w

L∑
i=1

wifφi|D (φi|D)−
L∑
i=1

wi

= arg max
φ,w

L∑
i=1

wifφi|D (φi|D)− ||W ||1

(A.6)

where W = [w1, ...wL]T is the vector of weights. We assume term ||W ||1 be a constraint for the
optimization Eq. (A.6), so we obtain the initial optimization problem as follows:275

max
φ,w

L∑
i=1

wifφi|D (φi|D)

s.t 1TW = 1

(A.7)

Appendix A.2. Problem solution steps

Prediction step of training phase: First in this step, we suppose the observation set D be
contain training data Y tr = {ytr1 , ..., ytrNtr

} and weight vector W , i.e. D = {ytr1 , ..., ytrNtr
, w1, ..., wL}

and the target parameters under optimization problem, i.e. φ, be the soil properties vector θ =
{θ1, ..., θL}. In other words, the purpose of this step is to estimate the optimal value of θ, in which280

the weights w1, ..., wL have given values. So, for this step, the initial Eq. (A.7) is converted to:

{θ∗} = arg max
θ

L∑
i=1

wifθi|Y tr,w

(
θi, |Y tr, w

)
(A.8)

Therefore, we have L sub-problems extracted from Eq. (A.8), as follows:

θ∗i = arg max
θi

fθi|Y tr,W

(
θi, |Y tr,W

)
= arg max

θi

f
(
Y tr,W |θi

)
f (θi) , ∀i = 1, ..., L (A.9)

which are optimized separately over each regressor to obtained the optimal value of soil properties
{θi}Li=1. The optimal values of θ1 to θL are obtained depending on the L cost functions of these
sub-problems in Eq. (A.9) using L separated regressors.285
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Combination step of training phase: In this step, we assume that we have the optimal value
of θ = [θ1, ..., θL]T (which are fined using Eq. (A.9) in prediction step), and Y tr = {ytr1 , ..., ytrNtr

} as
the observation set D = {ytr1 , ..., ytrNtr

, θ1, ..., θL}. Also, the goal in this step is to obtain the optimal
value of the weights w1, ..., wL. Therefore, the initial optimization Eq. (A.7) can be rewritten as:

max
w

L∑
i=1

wifwi|Y tr,θ

(
wi|Y tr, θ

)
s.t 1TW = 1

(A.10)

Suppose that the observation set D = {ytr1 , ..., ytrNtr
, θ1, ..., θL} affects on the mean and variance290

of weights, (i.e. µw,
∑

), and w has a Gaussian probability density function N(µw,
∑

), therefore
we have the following optimization problem:

max
w
f
(
w|Y tr, θ

)
s.t 1TW = 1

(A.11)

So, we have:

max
1

(2π)
N
2 |
∑
| 12
exp(−1

2
(w − µw)T

∑−1
(w − µw))

s.t 1TW = 1

(A.12)

by applying the logarithm and simplifying, we get the following problem :

min((w − µw)T
∑−1

(w − µw))

s.t 1TW = 1
(A.13)

If we take the mean of weights as zero (µw=0), we have:295 {
min
w

wT
∑−1

w

s.t 1Tw = 1
→

{
min||w||∑−1

s.t 1Tw = 1
(A.14)

Thus the following Lagrangian function is obtained:

L =

L∑
i=1

L∑
k=1

wiwkσik − λ(

L∑
i=1

wi − 1) (A.15)

where σik is the ik-th element of matrix
∑−1

, and λ is the Lagrangian multiplier. According to
the combining pattern classifiers [44], the result of the Eq. (A.15) is as follows:

w∗ = (
∑

)−1I(IT (
∑

)−1I)−1 (A.16)

In the above equations,
∑

is a diagonal matrix with error variances of all methods. Therefore, the
weight of each regressor wi is inversely related to σi, i.e. wi ∝ ( 1

σ2
i
), where σi is the error variance300

of each regressor. Finally, the weight of each regressor is obtained as follows:

wi =

1
σ2
i∑L

k=1
1
σ2
k

(A.17)

This equation says that the lower variance error of the regressor leads to higher weight and more
confidence of that regressor.
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