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This study investigates the prediction of soil chemical properties (organic matter (OM), pH, Ca, Mg, K, Na, 
total acidity, cation exchange capacity (CEC)) on 688 Korean soil samples using the visible-near infrared 
reflectance (VIS-NIR) spectroscopy. Reflectance from the visible to near-infrared spectrum (350 to 2500 nm) 
was acquired using the ASD Field Spec Pro. A total of 688 soil samples from 168 soil profiles were collected 
from 2009 to 2011. The spectra were resampled to 10 nm spacing and converted to the 1st derivative of 
absorbance (log (1/R)), which was used for predicting soil chemical properties. Principal components analysis 
(PCA), partial least squares regression (PLSR) and regression rules model (Cubist) were applied to predict soil 
chemical properties. The regression rules model (Cubist) showed the best results among these, with lower 
error on the calibration data. For quantitatively determining OM, total acidity, CEC, a VIS-NIR spectroscopy 
could be used as a routine method if the estimation quality is more improved.
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Scatter plot of PLSR (left) and Cubist (right) models with validation dataset to predict OM.
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Table 1. Statistics of soil properties of 688 soil samples from 168 soil profiles used in this study.

Staistics
pH

(1:5)
OM 

(g kg-1)
Exch. Ca

(cmolc kg-1) 
Exch. Mg

(cmolc kg-1) 
Exch. K

(cmolc kg-1) 
Exch. Na

(cmolc kg-1) 
Total Acidity 

(g L-1) 
CEC

(cmolc kg-1) 
Average 5.8 19.5 4.8 2.0 0.38 0.32 17.4 18.7 

Max 8.8 190.7 49.2 16.0 6.40 13.2 86.6 72.3 
Min 3.6 0.1 0.1 0.1 0.1 0.02 0.3 0.9 

Stdev 0.9 28.3 5.7 2.3 0.64 0.88 15.4 11.5 

Fig. 1. Spectral reflectance measurement from 350 nm to 2,500 nm using ASD FieldSpec Pro(Applied Spectral Devices, Boulder, 
CO).

Introduction

Soil chemical properties are important indicators for soil 
quality, soil fertility, and soil health. However, soil chemical 
properties are expensive to measure or predict continuously 
over a region because they are highly heterogeneous across 
spatial scales (Pozdnyakova et al., 2005). Traditional measurement 
of soil chemical properties is time consuming and expensive 
(Bellon-Maurel and McBratney, 2011) and produces harmful 
waste (Ryu et al., 2001). To cover the large variation of soil 
chemical properties in a region, we need to analyze a large 
number of soil samples, thus traditional methods cannot be 
used to carry out for regional soil assessment. Reeves (2010) 
suggested that there is a need for a new rapid method which 
can give good quality data needed to cover soil’s variation in 
a region.

The infrared spectroscopic techniques are promising, because 
they are low cost and are easy to use, which can be feasible for 
acquiring data for a large region. The use of infrared spectroscopy 
in agriculture started in 80s for measuring fruits and vegetations 
qualities. Near-infrared (NIR) spectroscopy has become well 
established in agricultural field (Wetzel, 1983). And more 
recently, NIR spectroscopy techniques have been developed 
as a useful quantitative tool for the prediction of various soil 
properties; including soil moisture, soil organic carbon, and 
total soil nitrogen content (Dalal and Henry, 1986; Morra et 
al., 1991; Reeves et al., 2002).

While spectroscopic techniques are easy to implement, 
they can produce a huge amount of data which can be difficult 
to handle using traditional statistical methods. Researchers 

have resolved this problem by applying data reduction methods, 
such as principal component analysis, partial least squares or 
rule-based regression (Bellon-Maurel and McBratney, 2011). 

The objectives of this study are to predict soil chemical 
properties including OM, pH, Ca, Mg, K, Na, total acidity, 
CEC for Korean soils using visible-near infrared spectra, to 
develop prediction models using three methods (PCR, PLS 
and Cubist), and to validate accuracy between the models for 
finding the optimal prediction model.

Materials and methods

Soil samples   Soil samples were taken from all over the 
South Korean region based on the soil series information. A 
total of 688 samples from 168 soil profiles which were taken 
as part of Soil Classification Project during 2009~2011 carried 
out by RDA. For each soil, about 4 kg of soil was taken from 
each horizon by a small shovel. All samples were transferred 
to soil testing laboratory in National Academy of Agricultural 
Sciences, Suwon (Korea). The samples were air dried at 60°C 
for 5 hours. From all samples, soil material was then used for 
measurement of soil chemical properties (OM, pH, Ca, Mg, 
K, Na, Total Acidity, Al, CEC) content in the laboratory with 
Korean soil analysis method (NIAST, 2000) as shown in 
Table 1. All soil samples were sieved (<2 mm) and ground 
with an agate mortar and pestle to reduce aggregated particles 
in the samples of reflectance spectra. 

After laboratory measurement, the soil samples were placed 
into a 5 cm wide and 3 cm height sample holder without 
compression and leveled for the spectra reading. The visible 
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Table 2. Goodness of fit for the prediction of Korean soil chemical properties using PCR, PLSR and Cubist (n. samples =708, 
where the calibration is 75% and validation is 25%. RMSE is the root mean squared error, and RPIQ is the ratio of prediction to 
inter-quartile range.

Soil chemical properties Prediction methods R2 RMSE bias RPIQ

OM
(g kg-1)

PCR
Calibration 0.49 20.72 0.00 0.21
Validation 0.45 22.36 2.19 0.23

PLSR
Calibration 0.65 17.32 0.00 0.25
Validation 0.44 24.65 -0.04 0.20

Cubist
Calibration 0.96 5.51 -0.58 0.80
Validation 0.74 16.07 0.74 0.31

pH
(1:5)

PCR
Calibration 0.18 0.77 0.00 0.78
Validation 0.13 0.91 -0.03 0.66

PLSR
Calibration 0.41 0.65 0.00 0.92
Validation 0.49 0.70 0.02 0.86

Cubist
Calibration 0.66 0.50 -0.03 1.21
Validation 0.43 0.75 -0.10 0.80

near infrared spectra from 350 nm to 2500 nm were measured 
with ASD FieldSpec Pro (Applied Spectral Devices, Boulder, 
CO) as shown in Fig. 1. 

Spectral preprocessing and soil chemical properties 
transformation   Averaging multiple measurements of reflectance 
were conducted so that the spectral artifacts can be removed. 
Therefore, 50 scans were taken for each sample and the 
average value was used. The original spectrum with 1 nm 
interval bands was resampled at every 10 nm from 500–2450 nm. 
The 1st derivative of the absorbance spectra (log[1/reflectance]) 
was calculated with the Savitsky-Golay algorithm for smoothing. 
Standard normal variate transformation (SNV) was applied 
for base line correction. 75 percent of the data were used for 
calibration and the rest of them for validation. 

Prediction & validation   In this study, three prediction 
methods were applied: principal components regression (PCR), 
partial least-squares regression (PLSR) and a regression rule 
model:—Cubist. All these methods were employed to quantify 
soil chemical properties from VIS/IR spectra. 

PCR and PLSR are standard methods used in chemometrics 
and soil research to predict the soil properties from spectra. 
PCR simply takes the principal components (PCs) of the 
spectra and built a multivariate linear regression based on 
PCs. PLSR is a technique that attempts to combine PCA and 
multiple regression. It aims to predict a set of dependent 
variables (soil properties) by extracting from the spectra a set 
of ‘orthogonal’ factors (latent variables) which give the best 
prediction. The components in partial least squared are de-
termined by not only by the predictor variables (as in PCR) 
but also the response variables. Meanwhile the Cubist model 
is a regression rule approach which consists of a collection of 

rules, that relates the independent variables (spectra) to a 
dependent variables (soil properties) of the form of:

If A[w_c1] > c1 and A[w_c2] > c2
Then
y = b0 + b1 * A[w_1] + b2 * A[w_2] + …
where A[w] refers to the 1st derivative absorbance value at 

wavelength w, b are parameters of a linear model, c are the 
value of the conditions, and y is the target variable (e.g. OM 
content). A rule indicates that, whenever a case satisfies all 
the conditions, the linear model is appropriate for predicting 
the value of the target attribute.

Each rule is a linear model of the absorbance spectra, 
which is similar to a piecewise linear function introduced by 
Minasny and McBratney (2008). The collected soil data were 
split randomly into two parts: 75% samples were used for 
developing the prediction model, while the rest samples 
(25%) were used for validation of the prediction accuracy. All 
calculations were done in the R, an open source statistical 
software.

Results and Discussion

Cubist mostly showed the best prediction when compared 
to PCR and PLSR (Table 2). In the calibration data, Cubist 
shows good prediction for OM, exchangeable Ca, exchangeable 
Mg, total acidity, and CEC with R2 values > 0.80., while it 
had a lower accuracy on the validation dataset for exchangeable 
Ca, and exchangeable Mg. Cubist could built good models for 
prediction of OM, total acidity and CEC, with R2 values > 
0.70 on the validation dataset. These values showed a good 
prediction capability.
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Table 2. Goodness of fit for the prediction of Korean soil chemical properties using PCR, PLSR and Cubist (n. samples =708, 
where the calibration is 75% and validation is 25%. RMSE is the root mean squared error, and RPIQ is the ratio of prediction to 
inter-quartile range (continue).

Soil chemical properties Prediction methods R2 RMSE bias RPIQ

Exchangeable Ca
(cmolc kg-1)

PCR
Calibration 0.11 5.40 0.00 0.43
Validation 0.04 5.73 -0.36 0.52

PLSR
Calibration 0.40 4.44 0.00 0.52
Validation 0.37 6.09 0.47 0.49

Cubist
Calibration 0.83 2.37 -0.13 0.97
Validation 0.25 5.46 -0.22 0.55

Exch. Mg
(cmolc kg-1)

PCR
Calibration 0.21 2.24 0.00 0.31
Validation 0.14 1.47 0.38 0.48

PLSR
Calibration 0.71 1.35 0.00 0.52
Validation 0.09 2.49 -0.18 0.28

Cubist
Calibration 0.83 1.06 -0.06 0.66
Validation 0.50 1.22 0.08 0.57

Exch. K
(cmolc kg-1)

PCR
Calibration 0.13 0.59 0.00 0.17
Validation 0.01 0.80 -0.05 0.13

PLSR
Calibration 0.71 0.34 0.00 0.29
Validation 0.05 0.99 -0.04 0.10

Cubist
Calibration 0.79 0.29 -0.01 0.34
Validation 0.12 0.80 -0.07 0.12

Exch. Na
(cmolc kg-1)

PCR
Calibration 0.06 0.86 0.00 0.00
Validation 0.07 1.08 0.08 0.00

PLSR
Calibration 0.61 0.55 0.00 0.00
Validation 0.29 1.05 -0.06 0.00

Cubist
Calibration 0.78 0.42 -0.05 0.00
Validation 0.21 0.99 -0.02 0.00

Total acidity
(g L-1)

PCR
Calibration 0.43 11.91 0.00 0.35
Validation 0.32 14.10 0.45 0.34

PLSR
Calibration 0.75 7.94 0.00 0.53
Validation 0.47 14.79 0.04 0.32

Cubist
Calibration 0.94 3.80 -0.15 1.11
Validation 0.75 8.55 0.31 0.56

CEC
(cmolc kg-1)

PCA
Calibration 0.51 8.46 0.00 0.56
Validation 0.39 9.24 0.70 0.47

PLSR
Calibration 0.74 6.19 0.00 0.76
Validation 0.62 7.51 -0.16 0.57

Cubist
Calibration 0.94 2.99 0.02 1.57
Validation 0.79 5.51 -0.28 0.78

Results of the Cubist model prediction of OM were plotted 
to compare the actual measured values and the predicted ones. 
Cubist model displayed a better prediction following the 1:1 
line when compared to the PLSR (Fig. 2). In addition, the 
RMSE for Cubist were almost half of the PLSR prediction, 
indicating a higher accuracy. Cubist appeared to be the best 
model showing the highest R2 values, lowest RMSE and 

highest RPIQ on the validation dataset. Minasny and McBratney 
(2008) stated that one of the advantages and reasons for its 
success in Cubist models is that they provide data grouping. It 
is possible for Cubist to separate data into more detailed 
groups to improve the accuracy of the prediction.

Since Korean soils used in this study display extreme 
variety over relatively small spatial scale, it would be better 
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Fig. 2. Scatter plot of PLSR (left) and Cubist (right) models with validation dataset to predict OM.

using a rule-based regression model, which is easy to classify 
large datasets and provide clear linear relationships among 
data. The outputs of this study will be useful information to 
create digital mapping products of OM, Total Acidity, and 
CEC in Korea.

Conclusions

This study concluded that the rule-based regression model 
performed the best among others to predict soil chemical 
properties for the soil samples used in this study. In especially, 
for quantitatively determining OM, total acidity, CEC, soil 
analysis using visible-near infrared reflectance spectroscopy 
could be used as a routine method if the estimation quality is 
more improved.
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