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ABSTRACT

In Vietnam, it is essential to manage land efficiently in order to meet the increasing
requirements of food and fuels while national farm land is limited. Thus, it is essential to have
accurate, quantitative and up-to-date soil information for supporting sustainable land
management. Due to the lacks of funds, conventional soil mapping methods in Vietnam are
limited in terms of both the level of spatial detail, spatial coverage and the accuracy of soil
attributes. Therefore, there is an urgent need to apply Digital Soil Mapping (DSM) method
which embraces a set of quantitative methods due to its lower cost requirement for sampling.
Information on the spatial variability of soil texture including soil clay content in a landscape
is very important for agricultural and environmental use. This research aims to assess hybrid
spatial model called Random Forest Kriging (RFK) with the use of auxiliary variables based
on machine learning algorithms for predicting soil clay content in Hiep Hoa district, Bac
Giang province, Vietnam. Four derivatives extracted from the digital elevation model, together
with the map of NDVI, PVI which were derived from satellite image and information derived
from the map of land use, geology were used as predictors in RFK modeling. Predicting ability
of the model was assessed with 5 folds cross validation approach to calculate Root Mean
Square of Error (RMSE), Mean Error (ME). According to the findings of the research, the RFK
model predicted Clay content with a relatively high accuracy (ME=0.13% and RMSE=4.924%
for Clay content in the range of 8.3-49.7%). The model also indicated that most important
environmental variables which affect the variation of Clay content in Hiep Hoa are elevation
and parent materials. We found RFK to be an effective prediction method and recommend this
method for any future soil mapping activities in Vietnam.
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. INTRODUCTION

Soil spatial variability is a well-known phenomenon of the soil system and has been
recognized for many years. Variability of soil properties in a landscape is a result of differences
in soil-forming factors, landforms, or geomorphic elements and soil use and management.
(1941) proposed a famous equation which he suggested soil as a function of climate, organisms,
relief, parent material and time: S=f (c, o, r, p, t,...). Clay content variability is an important
properties of soil because it involved in almost every reaction in soils which affects plant
growth. Both chemical and physical properties of soils are controlled to a very large degree by
properties of clay, and an understanding of clay properties is essential if we are to arrive at a
full understanding of soil plant relationships (Buehrer, 1952). A better understanding of clay
variability is vital for proper crop and land management and is also useful for environmental
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assessment and modeling of nutrient and pesticide leaching in the soil (K. Adhikari et al.,
2013).

One of the most helpful and functional tools to understand soil clay content variability is
mapping. However, maps of those properties are very limited in Vietnam due to low budget
for soil sampling and laboratory analyzing. Thus it is essential to find a DSM method to provide
maps of Clay content with sufficiently resolution. Modern users of soil geo-information require
maps at detailed scales. The technological and theoretical advances in the last 20 years have
led to a number of new methodological improvements in the field of soil mapping. Most of
these belong to the domain of a new emerging discipline — pedometrics — for the quantitative,
(geo)statistical production of soil geoinformation. Pedometrics is strongly focused on
predictive or digital soil mapping (DSM). DSM embraces a set of quantitative mapping
methods that have developed from more traditional soil mapping techniques. There were
various case studies that demonstrated the application of DSM methods in mapping soil
properties and classes, updating soil attribute maps or mapping soil features (Carré et al., 2002;
Jafari et al., 2012; Kempen et al., 2009; Yang et al., 2011). Mc Kenzie et al (1999) used
generalized linear models to predict soil clay content using environmental variables such as
geomorphic unit, local relief, as predictors. Shen et al (2013) produced map of clay content in
Glacial till soil using near infrared reflectance spectroscopy as predictors with partial least
squares regression. Hengl et al (2015) used a hybrid method called Random forest kriging
(RFK) to map soil properties of Africa including clay content at 250m resolution. Their study
confirmed that the random forest kriging consistently outferformed the regression kriging for
all soil properties. Therefore, the aims of this study is to using Random forest kriging method
to map soil clay content of Hiep Hoa district at a large resolution which is 10m. The resultant
map could be an important document to support sustainable agricultural production of the study
area. Moreover, this techniques can allowing the application of DSM in other similar
landscapes of Vietnam.

Il. MATERIALS AND METHODS

2.1. Study area

The study area is Hiep Hoa district of Bac Giang province in Vietnam, covers an area of
203 km?. It is located in the Red River Delta region — one of the highest rice production of
Vietnam (Mussgnug et al., 2006), about 50 kilometers to the east of Hanoi (Figure 1). Hiep
Hoa is characterized by flat to slightly terraced topography, elevation ranges from 5 to 100m.
Hiep Hoa district’s economy is primarily dedicated to agriculture which accounts for 63% of
the economic and 67% of the total area. The main production of the district are rice, vegetable,
livestock, poultry and aquaculture. It is essential to have an appropriate understanding about
the properties of the soil in Hiep Hoa in order to maintain a sustainable agriculture in Hiep
Hoa.

There are 100 soil samples which were taken at a depth of 0 to 15cm in 2015. The
sampling scheme were designed based on existing soil map, geology map of Hiep Hoa district.
Figure 1 shows the spatial distribution of soil samples. These samples were then analyzed in
the laboratory following the Vietnamese standard for Soil Quality which were published by
Department of Science and Technology.

2.2. Environmental covariates

Terrain, vegetation and parent materials were chosen to be the environmental conditions
which characterize the Clay content of the topsoil in Hiep Hoa district. There are 5
environmental variables were generated including elevation, slope gradient, parent materials,
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land use types and normalized difference vegetation index (NDVI). Information of
environmental data in detail were listed in (Table 1)
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Figure 1: Locations of soil samples in Hiep Hoa district

Table 1: Environmental covariates

Category of data Variables Original
resolution/scale
Terrain Elevation Vector, 1:10,000
Slope gradient Raster, 10m
Parent materials Geology Vector, 1: 200,000
Vegetation Normalized Difference Vegetation Index (NDVI) Raster, 10m
Land use Vector, 1:10,000

2.3. Random forest kriging

In the last decade, a number of ‘hybrid’ interpolation techniques, which combine kriging
and use of auxiliary information, has been developed and tested. Here, two main paths can be
recognized: co-kriging and kriging with machine learning algorithms (Hengl et al., 2015;
McBratney et al., 2000). Common machine learning algorithms are: artificial neural networks,
support vector machines, classification and regression trees, and random forest. In this paper
we specifically evaluate the applicability of the random forests algorithm which were explained
in very details by Breiman (2001) for soil mapping. This is for two main reasons: (1) it has
been proven in numerous studies (Hengl et al., 2015; Kuhn et al., 2013; Strobl et al., 2009) that
the random forests algorithm can outperform linear regression and (2) unlike linear regression,
random forests has no requirements considering the probability distribution of the target
variable and can fit complex non-linear relationships in p+ 1-dimensional space (where p is the
number of covariates).

A limitation of using random forests however, is that the model is usually only effective
within the range in covariate values exhibited by the training data (Statnikov et al., 2008).
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Figure 2: Flowchart of Random forest kriging method

In general terms, RFK approach follow the flowchart shown in figure 2. All modeling
and validation processes were done in R project using fit.gstatModel function from the GSIF
package.

2.4. Validation

The performance of RFK model were evaluated using 5-fold cross-validation. In this
process, the total dataset was randomly divided into 5 subsets, 4 of which were used for
calibration and 1 subset was used for validation. This procedure were repeated 5 times, each
time 1/5 group is used for calculating Mean Error (ME), Root Mean Squared Error (RMSE),
Residual Prediction Deviation (RPD) and coefficient of determination (R?) in turn. Finally, the
average ME and RMSE were calculated to assess the prediction accuracy of the RFK model.
The formula of ME and RMSE are as below (Williams, 1987):

1 13
ME = HZ(Ypred _Yobs) RMSE = HZ(Ypred _Yobs)2
i=1 i=1
Z(Ypred _?)2
R? = =L RPD — SD. , | n
Z(Yb _?)2 RMSE \Vn-1

i=1

Where n is the number of validation points, Ypred is the clay content predicted by RFK model
and Yobs is the clay content measured at that point.

I11. RESULTS AND DISCUSSIONS

3.1. Random Forest Kriging modelling

As mentioned earlier, a random forest was constructing with the input of elevation,
geological unit, land use types, slope gradient, NDVI and measured clay content from
calibration dataset. As can be seen from Figure 3, geological unit and the elevation are the most
important environmental variables that affected the spatial variability of soil clay content.
However, slope, NDVI and especially land use are very poor predictors of clay content. These
findings correspond with observations by Balstrem et al. (2013) that geology are good
predictors of soil clay content on a national scale in Denmark. Figure 4 depicts the experimental
variogram of clay content. Each point of the variogram was the result of the average
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semivariance of the point pairs falling within the specific lag defined during variogram

calculation.
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Figure 3: Importance plots for prediction of
soil clay content by RFK

3.2. Prediction accuracy

Residual variogram

. . . .
2000 4000 6000 8000

distance

Figure 4: Variogram of residuals of soil
clay content by RFK

The map of soil clay content as predicted by RFK was shown in figure 5. The map shows
a general trend for clay content to be lower toward the east and higher toward the west of Hiep
Hoa district. Most of the areas in the east have a clay content less than 10%, whereas clay
content increases to as much as 49% in southwestern area.

N Predicted Clay content

ClayPredicted.tif
Value
High : 49.4789

B Low - 8.02765
Legend

Figure 5: Distribution of Clay content
predicted by RFK

Table 2: Prediction accuracy of RFK

for clay content
ME 0.13
RMSE 4.92
R? 0.68
RPD 1.81

Table 2 indicates the performance of the
RFK model to predict soil clay content of
Hiep Hoa district. The RFK was able to
capture 68% variability (R?=0.68) with an
RMSE of 4.92. The RPD is 1.81 which
indicates that the RFK had moderate
prediction performance as suggested by
(Williams (1987)). On overall, Random
forest proved to be successful in predicting
soil clay content in Hiep Hoa district with
relatively high coefficient of determination,
low ME (0.13) and moderate RPD.

Thus RFK can be a promising approach to map the spatial variability of soil properties in
Vietnam. More area need to be test with variety of landscape and relief.
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