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Abstract

Soil erosion and soil salinity are major environmental problems in Thailand because they
create seriously negative impacts on agricultural and environmental sustainability. In
addition, soil erosion leads to the depletion of organic matter in soil. In the meantime, soil
erosion, salinity, and organic matter depletion are significant indicators for a soil
degradation assessment. The main objectives of the study were (1) to classify land use and
land cover, (2) to assess soil loss and its severity, (3) to assess soil salinity and its severity,
(4) to assess soil organic matter and its depletion, and (5) to assess soil degradation and its
severity. In this study, the LULC classification using the decision tree classifier, soil erosion
with the RMMF model, soil salinity and depletion of organic matter content with linear
and non-linear regression analysis were firstly analyzed separately and their results then
were combined to evaluate soil degradation using the multiplication method. For the
results, an optimum CART model, which applied blue, green, red, NIR, SWIR-1, SWIR-2
bands, wetness index, and elevation to construct a decision tree for LULC classification
from Landsat 8 images and DEM, provided an overall accuracy at 87.50% and a Kappa
hat coefficient at 80.10%. Meanwhile, the average erosion rate in the study area was 3.37
ton/ha/year. The most dominant soil erosion severity class was very slightly eroded (<6.25
ton/ha/year) and it covered an area of 437.70 km’ or about 94.14% of the total study area.
In the meantime, the most dominant soil salinity severity class was very low and covered
an area of 415.55 km’ or about 89.37% of the total study area. At the same time, the
dominant soil biological degradation class was moderate and covered an area of 296.05 km’
or 63.67% of the total study area. According to the soil degradation assessment using the
multiplicative method, the most dominant soil degradation class was very low and covered
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area of 443.00 km’ or 95.28% of the total study area. These findings implied that a serious
problem of soil degradation did not exist in the study area. In conclusion, it appeared that
geoinformatics technology can be efficiently used as a tool to assess soil loss, soil salinity,
and soil organic matter depletion and their severities for a soil degradation assessment.
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Introduction

Land degradation is a worldwide serious
environmental problem (United Nations
Environment Programme, 2006). It has
harmful impacts on agricultural productivity
and ecological functions that ultimately affect
human sustenance and quality of life (Mhangara,
2011). The most critical component of land
degradation is soil degradation (Mainguet,
1994, quoted in Denti, 2004). Soil degradation
is a decline in soil quality encompassing
deterioration in the physical, chemical, and
biological attributes of the soil (Eaton, 1996).
Indicators of soil degradation are soil erosion,
soil salinity, decline of soil structure, and
nutrientdepletion (Lal, 1998). In Thailand, soil
erosion and soil salinity are major problems
because they create seriously negative impacts
on agricultural land and environmental
sustainability (Land Development Department,
2002; Katawatin and Sukchan, 2012) and they
are also harmful to people and the environment
(Jumpa, 2012). In addition, soil erosion leads
to the depletion of organic matter in soil (Food
and Agriculture Organization of the United
Nations, 2005).

According to the global report of land
degradation by Bai er al. (2008) it was found
that the area of degraded land in Thailand
was 0.895% of the global degraded area. In
addition, a statistical report on soil degradation
assessment by the Land Development Department
(LDD) in 2015 revealed that 56.8% of the total
area or about 291200 km? in Thailand was
degraded. The report showed an increasing
trend of soil degradation and the major causes
included an increasing population, deforestation,
unsuitable land use, and a lack of improvement
of soil quality. Sethabut (2008) suggested that
the Thai government should recognize the soil

degradation problem for mitigation and
prevention of the problem in both the short
term and long term. Soil degradation assessment
is mostly based on in situ soil surveys
(Kapalanga, 2008) which can provide the most
accurate data (Torrion, 2002), However, the
procedure is costly and time consuming
(Harmsen, 1996, quoted in Yazidhi, 2003) and
it is also difficult to detect wide and inaccessible
areas (Bai et al., 2008).

Huete (2004) mentioned that general
information and data regarding the spatial
extent and severity of soil degradation are
poorly understood and the available data are
limited. Actually, the traditional approach
based on field data collection is expensive,
takes a long time, and is hardly reproducible
(Abbas and Khan, 2007). To solve the problem
of soil degradation for field data collection on
a local scale, proper approaches for soil
degradation assessment are required (Bai et al.,
2008).

(a) (b)

Figure 1. Study area: (a) topography data
and (b) land use data of LDD
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Geoinformatics technology is a very
important tool for decision-making across
a wide range of disciplines. It is a basal and
essential technical core of the system for
assessing geospatial information and monitoring
the environment (Fadhil, 2009). It is also used to
assess and monitor soil degradation (Kapalanga,
2009), to measure variables linked to soil
degradation (Prince, 2002, quoted in Mambo
and Archer, 2006), to provide time series data
for monitoring land cover change (Lillesand
etal.,2004), and to detect wide and inaccessible
areas (Torahi, 2012).

This study aims to develop a new
approach using geoinformatics technology to
assess the extent and severity of soil degradation.
The specific objectives of the study were (1) to
classify land use and land cover (LULC), (2)
to assess soil loss and its severity, (3) to assess
soil salinity and its severity, (4) to assess soil
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Figure 2. Workflow diagram of the research
methodology

organic matter and its depletion, and (5) to
assess soil degradation and its severity.

Materials and Method

Study Area

The study area is the Upper Lamchiengkrai
watershed which originates from a mountainous
area in Bamnet Narong district, Chaiyaphum
province. It covers 3 districts of Nakhon Ratchasima
province comprising Theparak, Dan Khun
Thot, and Si Khiu and it covers an area of
464.96 km?. The elevation of the study area
ranges approximately from 0 m to 596 m
(Figure 1(a)). According to land use data in 2015
of the LDD, the eastern part of the study area,
where major economic crops including paddy
fields, cassava, maize, and sugarcane are
situated, is mostly flat. On the contrary, the
western part of the study area is undulating
with mountainous areas and is mostly covered
with cassava (Figure 1(b)). The tributaries of the
existing rivers in the study area flow from west
to east.

Research Methodology

The research methodology consisted of
4 components: (1) data collection and preparation,
(2) LULC classification by a decision tree
classifier, (3) soil degradation analysis, and (4)
soil degradation assessment (Figure 2).

Data Collection and Preparation

Basic remotely sensed data and bio-
physical data were collected and prepared for
analysis and modeling (Table 1).

LULC Classification by Decision Tree

Classifier

Supervised classification with the decision
tree classifier by the -classification and
regression tree (CART) algorithm and expert
system was here applied to classify the LULC
types in 2015. In practice, the selected influential
factors on the LULC type and the distribution
as independent variables, which included
spectral data of Landsat 8 images and derived
indices (brightness, greenness, and wetness) and
physical factors (elevation, slope, and aspect),
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were firstly prepared from training areas to
extract a decision tree structure for the LULC
classification using SPSS statistics software,
and the derived decision tree was further
migrated to the Knowledge Engineer module
of ERDAS Imagine software for the LULC
classification. The LULC classification system,
which was modified from the land use
classification scheme of the LDD, consisted of
(1) urban and built-up area (URBAN), (2) paddy
field (PF), (3) maize (MAIZE), (4) sugarcane
(SGC), (5) cassava (CAS), (6) perennial tree and
orchard (TREE), (7) dense deciduous forest (DDF),
(8) disturbed deciduous forest (DIDF), (9) forest
plantation (PF), (10) water body (WATER),
(11) scrub (SCRUB), and (12) miscellaneous
land (MISC). In addition, accuracy assessment
of the thematic LULC map was performed based
on reference LULC data from a field survey in
2015 using overall accuracy, producer’s accuracy,
user’s accuracy, and Kappa hat coefficient of
agreement.

Soil Degradation Analysis

Soil degradation analysis, which included
soil erosion, soil salinity and soil organic matter

Table 1. List of data collection and preparation

depletion assessment, was processed under the
ESRI ArcGIS environment. In practice, the
Model Builder module of ESRI ArcGIS was
applied for semi-automatic processing of the
soil degradation assessment.

Soil Erosion Assessment

Soil erosion, which represents a physical
indicator for soil degradation, was assessed
using the revised Morgan-Morgan-Finney (RMMF)
model that was developed by Morgan in 2001.
In practice, the LULC data for the proportion
of rainfall intercepted by crop cover, percentage
canopy cover, plant height, ratio of actual to
potential evapotranspiration, percentage ground
cover, crop cover management, effective
hydrological depth of soil, rainfall data for
annual rainfall total, intensity of erosive rain,
number of rain days per year, soil data for soil
moisture content at field capacity, bulk density
of top soil, soil detachment index, and cohesion
of the surface soil and digital elevation model
(DEM) data for slope steepness were prepared
to extract the RMMF parameters. In this study,
some RMMF model parameters were directly
extracted based on the prepared data including

Data collection Data Preparation Source Year

Landsat data: Path 129 Row 49 Completeness checking USGS 9 March 2015

Administrative boundary Completeness checking DEQP 2011

DEM Completeness checking USGS 2014

Slope Extract from DEM

Aspect Extract from DEM

Rainfall Surface interpolation TMD 1985-2015

Soil series Completeness checking LDD 1999

Brightness Create from Landsat data

Greenness Create from Landsat data

Wetness Create from Landsat data

NDVI Create from Landsat data

NDWI Create from Landsat data

Spectral soil salinity indices Create from Landsat data

Spectral soil color indices Create from Landsat data

Soil salinity sampling points Soil sample analysis Field 2015-2016
survey/Laboratory

Soil organic matter sampling Soil sample analysis Field 2015-2016

points survey/Laboratory

USGS: United States Geological Survey; DEQP: Department of Environmental Quality; TMD: Thai Meteorological

Department; LDD: Land Development Department
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annual rainfall total, number of rain days per
year, and slope steepness, while others were
assigned based on literature reviews from
Morgan (2001); Yazidhi (2003); Morgan and
Duzant (2008); Suriyaprasit (2008); and
Kamonrat and Jirakajohmkool (2012). For the
soil erosion estimation, 5 operating functions
of the RMMF model comprising (a) estimation
of rainfall energy, (b) estimation of annual
runoff; (c) estimation of soil particle detachment,
(d) estimation of transport capacity of runoff,
and (e) estimation of soil loss were implemented
(Figure 3). In addition, the list of the applied
equations of the RMMF model is summarized
in Table 2. Finally, the result of the soil erosion
assessment using the RMMF model was
further classified for its severity according to
the standard of the LDD (2000).

Soil Salinity Assessment

Soil salinity, which presents a chemical
indicator for soil degradation, was assessed
using an optimum linear or non- linear model
for the soil electric conductivity (EC) estimation.
In practice, soil samples consisting of modeling
(60%) and validating (40%) datasets over the

Soil map Temain

Slope map Flow

Soil loss mapSLy

Figure 3. Workflow diagram of RMMF model
(Modified from Yazidhi, 2003)

combination of the LULC and soil series data
were firstly collected using a soil auger at the
topsoil level (0-30 cm) and they were further
analyzed to extract the EC data using the EC
1:5 method at the laboratory of Suranaree
University of Technology (SUT). After that, an
EC estimation model was developed using linear
and non-linearregression analysis based on the
modeling dataset. The spectral salinity indices
(NDSI, SI1, SI2, SI3, S1, S2, S3, S4, S5, and
S6) as independent variables were firstly extracted
from the Landsat 8 data in 2015 according to
its equation (Table 3) while the analyzed EC
data that imply the soil salinity level were used
as the dependent variable. General equation
forms for the EC estimation model development
under linear or non- linear regression analysis
included:

(1) Simple linear model: Y = bo+(b1*X) (D)

(2) Multiple linear model: Y =bo+(b1*X1) (2)
+(02*X2)+(b3*X3) +...(bn*Xn)

(3) Logarithmic model: Y = bo+(b1*In(X)) (3)

(4) Inverse model: Y = bot+(b1/X) 4)

(5) Quadratic model: Y = bo+(b1*X)+ %)
(b2*X*%2)

(6) Cubic model: Y = bo+(b1*X)+ (6)
(b2*X*#2)+H(b3* X**3)

(7) Power model: Y = bo*(X**b1) @)

(8) Compound model: Y = bo*(b1**X) ()

(9) S-curve model: Y = e**(bo+(b1/X)) 9

(10) Growth model: Y = e**(bo+(b1*X))  (10)

(11) Exponential model: Y =bo*(e**(b1*X))  (11)

where, X is the independent variables and Y is
the dependent variable.

The derived equations of the linear and
non-linear equations, which provide the coefficient
of determination (R?) equal to or more than 0.5,
were used as candidate equations to identify an
optimum model for the EC estimation from the
analyzed EC validation dataset based on the
lowest normalized root mean square error
(NRMSE) with the following equations:

RMSE = J%Z?:l[Estimated value — Observed valuel?

(12)

RMSE
observed val

(13)

NRMSE =

imum observed value
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where RMSE is the root mean square error and
n is the number of observations. Finally, the

optimum EC estimation model from the linear

or non- linear regression analysis was applied
to create EC data and the derived result was
further classified for soil salinity severity
based on the combination between the EC

Table 2. Operating function for the RMMF model

value and soil texture as suggested by
Patterson (2006) (Table 4).

Soil Organic Matter Depletion Assessment

Like the soil salinity analysis, soil
organic matter (OM) depletion, which presents
a biological indicator for soil degradation, was

Eq. Function name Symbol Equation Parameter description
1 Effective rainfall ER ER = R*A ER = Effective rainfall (mm)
2 Leaf drainage LD LD =ER*CC LD = Leaf drainage (mm)
3 Direct through fall DT DT=ER-LD DT = Direct through fall (mm)
4 Kinetic energy of KE(DT) KE(DT)=DT*(11.9+8.7 Log;y  KE (DT) = Kinetic energy of direct
direct through fall 1) through fall (J m>)
5 Kinetic energy of leaf ~ KE(LD) KE(LD)= LD*(15.8*PH0%)- KE(LD) = Kinetic energy of leaf
drainage 5.87 drainage (J _m'z) _
6 Kinetic energy of KE KE = KE(DT)+KE(LD) KE =2K1net1c energy of rainfall
rainfall gmz )
7 Soil moisture storage Re ReZ Rc = Soil moisture storage capacity
capacity 1000*MS*BD*EHD*(E/Eo)’s  (mm) _
8 Mean rain per day Ro Ro=R/Rn RO__ Al\r/lleanlram pfir day (mm)
Annual runoff Q Q = R*exp (-Rc/Ro) Q= Annual runoff (mm)
i) Soil particle B FoRAKE*T03 F = Soil Partlcle detachment by
detachment b raindrop impact (kg m?)
raindrop impgc " Z = Soil resistance (unitless)
= -2
11 Soil resistance 7 7 =1/ (0.5%COH) H = Runoff detachment (kg m)
- D = Total particle detachment
12 Runoff detachment H H=Z7Q!"sin S (1-GC)*1073 (kg m?)
13 Total particle D D=F+H TC = Transport capacity of runoff
detachment (kg m?)
14 Transport capacity of ~ TC TC=CQ?sin S * 103 SL = Annual soil loss (kg m?2)
runoff R = Annual rainfall total (mm)
15 Annual soil loss SL SL = Minimum (D, TC)

A = Proportion of rainfall
intercepted by crop cover (0-1)

Rn = Number of rain days in a year
(days)

I = Rainfall intensity (mm h!)

CC = Percentage canopy cover (%)
PH = Plant height (m)

MS = Soil moisture content at field
capacity (Ww%)

BD = Bulk density (g cm)

EHD = Effective hydrological deptt
of soil (m.)

Et/Eo = Ratio of actual to potential
evapotranspiration (unitless)

K = Soil erodibility (gj")

S = Slope steepness (degree)

GC = Ground cover (%)

COH = Cohesion of the surface soil
(k Pa)

C = Crop cover management
(unitless)

Source: Modified from Yazidhi (2003)
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here assessed using an optimum linear or non-
linear model for the OM estimation. The soil
samples of the OM (model and validated
datasets) over the combination of the LULC
and soil series data were firstly collected using
a soil auger at topsoil level (0-30 cm) and they
were further analyzed, using the Walkley and
Black method at the SUT laboratory, for OM
extraction. Afier that, the OM estimation model
was developed using linear and non- linear
regression analysis. In this study, the brightness
value of bands 2-7 of the Landsat 8 data, soil
color indices (brightness index, coloration index,
hue index, redness index, and saturation index),
normalized different vegetation index (NDVI),
normalized different water index (NDWI), and
slope and aspect as independent variables were
firstly extracted according to the equation

Table 3. Lists of spectral salinity indices

(Table 5) while the analyzed OM data from the
modeling dataset was used as the dependent
variable. The derived equations of the linear
and non- linear models ( Equations 1 to 11),
which provide the R? equal to or more than 0.5,
were used as the candidate equations to
identify an optimum model from the analyzed
OM validation dataset based on the lowest
NRMSE. Then, the optimum OM estimation
model was further applied to create OM data
and it was normalized using the linear scale
transformation method ranging between 0 and
1 (Singh et al., 2015) using the following
equation:

S X-Xmin

Xmax-Xmin

(14)

?:::il:lclg Equation Note Reference

_ R-NIR B is blue reflectance flux Khan et al. (2005)
NDSI NDSI R+NIR G is green reflectance flux
SI1 SI1 =vG X R R is red reflectance flux Douaoui et al. (2006)

NIR is near infrared reflectance .

SI2 SI2 =+ G2 x R2 X NIR2 flux Douaoui et al. (2006)
SI3 SI3 =+ G2 x R? Douaoui et al. (2006)
S, S, =B/R Abbas and Khan (2007)
S, S, = (B—R)/(B+R) Abbas and Khan (2007)
Ss S; = (G xR)/B Abbas and Khan (2007)
S, S, = VB X R Abbas and Khan (2007)
Ss Ss = (BxR)/G Abbas and Khan (2007)
Se S¢ = (R x NIR)/G Abbas and Khan (2007)

Table 4. Severity class of soil salinity (Patterson, 2006)

EC of 1:5 soil/water extract (dS m™)

Le;f;li::ift)s,ml Effe(c;;((:?vgllant sand/ loam sandy clay light clay heavy clay
loamy sand loam
Very low negligible effect <0.15 <0.17 <0.25 <0.30 <0.40
Low very sensitive 0.16-0.30 0.18-0.35 0.26-0.45 0.31-0.60 0.41-0.80
crops affected
Moderate many crops 0.31-0.60 0.36-0.75 0.46-0.90 0.61-1.15 0.81-1.60
affected
High salt tolerant plants 0.61-1.20 0.76-1.50 0.91-1.75 1.16-2.30 1.61-3.20
grow
Very High few salt tolerant >1.20 >1.50 >1.75 >2.30 >3.20

plants grow
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where, X is the normalized value, X is the
actual value, Xmin is the minimum of the
actual value, and Xmax is the maximum of
the actual value. Later, the normalized values
of the OM were converted to percent by
multiplication by 100. After that, the biological
degradation index (BDI), that represents the
depletion of the soil organic matter content,
was calculated as suggested by De Paz et al.
(2006) with the following equation:

-
BDI=—- (15)

where, BDI is the biological degradation index
and OM is the organic matter content (%).
Finally, the BDI was further equal interval
classified for soil biological degradation into 5
classes with modification of the suggestion of
De Paz et al. (2006) (Table 6).

Soil Degradation Assessment
Multiple indicators (soil erosion, soil
salinity, and soil biological degradation) on

Table 5. Lists of spectral color indices

soil degradation were here combined using the
multiplicative method for soil degradation
assessment. In this study, the derived soil loss,
the estimated soil salinity, and BDI data were
firstly separately normalized using the linear
scale transformation method (Equation 14).
Then, the normalized data of the 3 indicators
were multiplied together and reclassified into
5 soil degradation severity classes (very low,
low, moderate, high, and very high) using the
natural break method.

Results and Discussion

Optimum CART Model for LULC
Classification and Its Result

An optimum CART model applied blue,
green, red, NIR, SWIR-1, SWIR-2, wetness, and
elevation data as the final criteria to construct
a decision tree for the LULC classification
(Figure 4). The binary decision tree structure
consisted of 59 nodes that included 30 terminal

nodes with labelled LULC classes by a sequence

Spectral color indices Equation Note Reference
Brightness index (BI) Mathieu and Pouget
Bl = /w B is blue reflectance flux (1998)
3 G is green reflectance flux
Coloration index (CI) = R-G R is red reflectance flux Mathieu and Pouget
T“R+G NIR is near infrared (1998)
Hue index (CI) 2xR—-G—B reflectance flux Mathieu and Pouget
HI = G—B SWIR is shortwave infrared  (1998)
Redness index (RI) R? reflectance flux Mathieu and Pouget
RI B—09) (1998)
Saturation index (RI) Sl = R— Mathieu and Pouget
R+B (1998)
Normalized different NDVI = NIR —R Rouse et al. (1974)
vegetation index (NDVI) NIR +
Normalized different water NDWI = NIR — SWIR Gao (1996)
index (NDWI) NIR + SWIR

Table 6. Biological degradation index and its classification with equal interval method

Level of soil biological degradation

Very low Low

BDI

Moderate High Very high

<0.0125 0.0125-0.0167

0.0167-0.0250 0.0250-0.0500 >0.0500

Note: Modified from De Paz et al. (2006)
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of decision rules and its condition. The
constructed decision tree provided an overall
accuracy of the model-based inference statistic
at 87.60%. Basically, the model-based inference
statistic is not concerned with the accuracy of
the thematic map but it is concerned with
estimating the error of the model that applies
to generate the thematic map. The model-based
inference statistic can provide the user with
a quantitative assessment of each classification
decision (Stehman, 2000).

In this study, the classified LULC map in
2015 with an optimum CART model was
performed for thematic accuracy assessment
using 152 sample points with stratified random
sampling from a ground survey in July 2015.
As aresult, it revealed that the overall accuracy
was 87.50% and the Kappa hat coefficient was
80.10%. Meanwhile, the producer’s accuracy,
which represents omission error, varied between
57.14% for sugarcane and 100.00% for the urban
and built- up area, water body, scrub and

LULC CLASS.
URBAN  DDF
PF

lue
=150 1550

Elevation SWIR2

Wetness.

Red Elevation NIR SWIRL SWIR2

- iéﬁlﬁﬂﬂ i

Figure 4. Decision tree structure for LULC
classification

miscellaneous land. In the meantime, the
user’s accuracy, which represents commission
error, varied between 50.00% for the urban and
built-up area and 100.00% for disturbed deciduous
forest, water body, and scrub. Based on Fitzpatrick-
Lins (1981), a Kappa hat coefficient more than 80%
represents strong agreement or accuracy between
the predicted map and the reference map.

Distribution of the final LULC classification
in 2015 is displayed in Figure 5. It was found
that the top 3 dominant LULC classes were
cassava, maize, and miscellaneous land and
they covered areas of 322.21 km?, 31.54 km?,
and 25.35 km? or 69.30%, 6.78%, and 5.45%
of the total study area, respectively. In addition,
it was found that the pattern and area of the
classified LULC data in this study, particularly
agricultural land, was similar to the land use
data of the LDD in 2015 (Figure 6).

Soil Erosion Assessment and Its Severity
The main results of the 4 operating
functions of the RMMF model included (a)
kinetic energy of rainfall (KE), (b) annual
runoff (Q), (c) total particle detachment (D)

765000 770000 775000 780000 785000,

1697000

1683000 1690000 1697000
1690000

1683000

1676000

1676000

1669000

1669000

1662000

1662000

[ ES—p—

Miscellaneous land

765000 770000 775000 780000 785000

Figure 5. Distribution of LULC classification
in 2015
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and (d) transport capacity of runoff (TC) and are
presented in Figure 7. As a result, it can be
observed that the kinetic energy of rainfall
varied between 0 and 40517 J m 2, annual
runoff varied between 0 and 1030 mm, total
particle detachment varied between 0 and 373
kg m2, and transport capacity of runoff varied
between 0 and 2887 kg m 2. Basically, the
estimated total particle detachment represents
soil loss rates showing the detachment
capability by raindrop impact and runoff while
the estimated transport capacity of runoff
represents soil loss rates reflecting the
transport potential in the study area.

The estimation of soil loss by minimum
comparison between the estimated total
detachment data and transport capacity data is
presented in Figure 8(a). It was found that the
average soil loss in the study area was 3.368
ton/ ha/ year with the minimum soil loss of
0 ton/ha/year over the urban and built-up area
and water body while the maximum soil loss
of 278.196 ton/ha/year was over miscellaneous
land (soil pit, sand pit, and land fill). The most
dominant soil loss severity class according to
the LDD standard was very slightly eroded
(<6.25 ton/ha/year) and it covered an area of
437.70 km? or about 94.14% of the total study
area (Figure 8(b)). In contrast, the moderately
and highly eroded classes covered areas of
17.98 km? and 0.31 km? or 3.87% and 0.06%
of the total study area, respectively (Table 7).

In addition, according to overlay analysis
between the soil erosion severity classification
and LULC data in 2015, the top 3 dominant
crops in the very slightly eroded class were
cassava, maize, and paddy field. Conversely,
the moderate and highly eroded classes were
mostly found in miscellaneous land, which

401.6401.1

Study data

Area

100 6.6 16.7 25.1 207 51 7.6 26.5 189

Urban and built-up  Agriculture land  Forest land
ea Major LULC types

Waterbody ~ Miscellaneous land

Figure 6. Comparison of area of main LULC
types between LDD data in 2015
and this study

includes soil pit, sand pit, and land fill, and
they covered areas of 14.96 km?and 0.25 km?
or 3.22% and 0.05% of the study area, respectively.
These results reflect the effect of the LULC on
the soil erosion process. Herein, miscellaneous
land generates higher soil erosion than other
LULC types.

Furthermore, according to the overlay
analysis between the soil erosion severity
and elevation classifications (Figure 9(a)), it is
revealed that most of the very slightly eroded
class is situated between 250 m and 350 m and
it covered an area of 362.18 km? or 77.89% of
the total study area. In contrast, the moderately
and highly eroded classes were frequently
found between 350 and 750 m above mean sea
level and they covered areas of 11.62 km? and
0.28 km? or 2.50% and 0.06% of the total study
area, respectively (Table 8). Similarly, according

(c) (@

Figure 7. Distribution of Kkinetic energy of
rainfall (a), annual runoff (b), total
particledetachment(c), and transport
capacity of runoff (d) in the study
area
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to the overlay analysis between the soil erosion
severity and slope classifications for landform
(Figure 9(b)), it showed that most of the very
slightly eroded class is located at slightly
undulating landform (2-5%) and it covered an
area of 224.91 km? or 48.37% of the total study
area. Meanwhile, the moderately and highly
eroded classes were frequently found at
undulating landform (5-12%) and they covered
areas of 9.63 km? and 0.16 km? or 2.07% and
0.03% of the total study area, respectively
(Table 9). In addition, the most dominant soil
loss severity class at hilly (20-35%) and steep
(>35%) landforms was very slightly eroded
because those areas are mostly covered by
dense deciduous forest. These findings clearly
emphasize the effect of elevation and landform
on the soil erosion process in the study area.

(@) (b)

Figure 8. Distribution of soil erosion (a) and
soil erosion severity classification (b)

Herein, soil erosion was very slight since the
most dominant elevation class was rather low
(250-350 m) and the most dominant landforms
were flat or almost flat and slightly undulating.

Optimum Model for EC Estimation

According to the accuracy assessment
of the EC data from the candidate linear and
non- linear equations with the analyzed EC
validation dataset using the NRMSE, the
multiple linear equation: Model 1 (Y = -5.270
- 0.000008*SI, + 1.531523*S; + 0.047627*S;
- 0.002451*S4 + 0.043484*Ss + 0.013310*Se)
provided the highest accuracy for the EC
estimation with the NRMSE of 0.35235 (Table
10). So, it was chosen as an optimum model
for the EC estimation. The optimum equation
showed a positive correlation among Sy, S3, Ss,
and Se and the EC data and gave a negative
correlation among SI2 and S4 and the EC data.
Here, S provided the highest positive influence
on the EC data with a coefficient value of
1.531523. The distribution of the estimated EC
data in the study area is displayed in Figure
10(a). It revealed that the lowest EC value was
- 1.602 dS m’', the highest EC value was
0.785418 dS m™!, and the average EC value of
the study area was 0.785 dS m™'.

Soil Salinity Assessment and Its Severity
The derived EC data, which was

estimated using the multiple linear equation:

Model 1, was further applied to classify the

Figure 9. Distribution of elevation classification Figure 10. Distribution of

(a) and slope classification for
landform (b)

electric

soil
conductivity estimation (a) and soil
salinity severity classification (b)
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soil salinity severity with the soil texture
(Table 4) and the results are shown in Figure
10(b). The area and percentage of soil salinity
severity classification in the study area is
summarized in Table 11.

As a result, the most dominant soil salinity
severity class was very low and it covered an
area of 415.55 km? or about 89.374% of the total
study area. In contrast, the high soil salinity
class only covered an area of 0.01 km? or about
0.002% of the total study area. In addition, the
total soluble salts (TSS) varied between 0-0.03%.
These findings imply that the effect of soil

salinity in the Upper Lamchiengkrai watershed
is very low and it can be negligible.

In addition, according to the overlay
analysis between the soil salinity severity
classification and the LULC data in 2015, the
top 3 dominant crops in the very low soil
salinity class were cassava, maize, and paddy
field. In contrast, the moderate and high
salinity classes were mostly found in cassava
areas and they covered areas of 2.06 and 0.01
km? or 0.443 and 0.002% of the study area,
respectively.

Table 7. Area and percentage of soil loss severity classification in the study area

No. Soil loss severity class Erosion rate (t/ha/y) Area in km? Percent
1 Very slightly eroded <6.25 437.70 94.14
2 Slightly eroded 6.26-31.25 8.97 1.93
3 Moderately eroded 31.26-125.00 17.98 3.87
4 Highly eroded 125.01-625.00 0.31 0.06
Total 464.96 100.00
Table 8. Relationship between soil loss severity and elevation
Soil loss severity classes
Elevation classes Very slightly eroded Slightly eroded Moderately eroded Highly eroded
Km? % Km? % Km? % Km? %
<200 m 0.48 0.10 0.05 0.01 0.06 0.01 0.00 0.00
200-250 m 51.87 11.16 0.00 0.00 0.02 0.00 0.00 0.00
250-350 m 362.18 77.89 4.70 1.01 6.28 1.35 0.04 0.01
350-750 m 23.18 4.99 4.22 091 11.62 2.50 0.28 0.06
Total 437.70 94.14 8.97 1.93 17.98 3.87 0.31 0.07
Table 9. Relationship between soil loss severity and landform
Soil loss severity classes
Landform by slope classes  Very slightly eroded  Slightly eroded Moderately eroded  Highly eroded
Km’ % Km?. % Km’ % Km’ Y%
Flat or almost flat (0-2%) 137.74 29.63 1.93 0.42 0.54 0.12 0 0
Slightly undulating (2-5%) 22491 48.37 3.69 0.79 7.51 1.62 0 0
Undulating (5-12%) 71.46 15.37 297 0.64 9.63 2.07 0.16 0.03
Rolling (12-20%) 1.47 0.32 0.19 0.04 0.13 0.03 0.11 0.02
Hilly (20-35%) 1.35 0.29 0.07 0.02 0.01 0 0.03 0.01
Steep (>35%) 0.77 0.17 0.12 0.03 0.16 0.04 0.01 0
Total 437.70 94.14 8.97 1.93 17.98 3.87 0.31 0.07
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Optimum Model for Soil Organic Matter
Estimation

According to the accuracy assessment of
the soil organic matter data from the candidate
linear and non-linear equations with the analyzed
OM validation dataset using the NRMSE, the
multiple linear equation: Model 3 (Y = 1.058 -
0.607 * Band2 + 0.777 * Band3 - 0.147 * Band4
- 0.032 * Band5 + 0.008 * Band6 - 0.011 * Slope
+73.963 * CI - 61.988 * SI) provided the highest
accuracy for the soil organic matter estimation
with the NRMSE of 0.29744 (Table 12). So, it
was chosen as an optimum model for the OM
estimation. The optimum equation showed a
positive correlation among Band 3, Band 6, and
the coloration index (CI) and OM data and
gave a negative correlation among Band 2,
Band 4, Band 5, Slope, and the salinity index
(SI) and OM data. Here, the CI provided the
highest positive influence on the soil organic
matter with a coefficient value of 73.963. This
finding is consistent with the previous work of
Mandal (2015) who applied spectral color
indices to predict soil organic matter content
from remotely sensed data in Nepal. He

Table 10. List of candidate equations of linear and non-linear regression

mentioned that the CI was a significant
predictor variable for the OM prediction.

The distribution of the estimated OM in
the study area is displayed in Figure 11(a).
It was found that the lowest OM value was
-0.91848% and the highest OM value was
2.33499% while the average OM value of the
study area was 0.94295%. In the meantime, the

(b)

Figure 11. Distribution of soil organic matter
estimation (a) and soil organic
matter in percent (b)

analysis and

accuracy assessment for optimum EC estimation model identification

Linear and non-

- . Equation R? RMSE NRMSE Rank

linear regression
Simple linear model Y =-* 043.0 + 894.1S5 0.502 0.13927 0.36193 3
Multiple linear: Y =-*000008.0 - 270.5S1*531523.1 + 2S + 1 0.521 0.13559 0.35235 1
Model 1 #047627.0S*002451.0 - 38*043484.0 +4S + 5

*013310.0S86

Multiple linear: Y = -*000008.0 - 412.5S1*618453.1 +2S + 1 0.521 0.13802 0.35868 2
Model 2 *047424.0S*042294.0 + 3S*013517.0 + 586
Quadratic model Y =22.576 + (-1.015 * S5) + (0.011 * S5 **2) 0.611 0.86581 2.25003 4
Cubic model Y =6.960 + (-0.011 * S5 **2) + (0.000 * S5 **3) 0.612 16.35473 4250190 5

Table 11. Area and percentage of soil salinity severity classification in the study area

No. Soil salinity severity Effect on Plant Growth Total soluble salts in Km’ Percent
class Y%
1 Very low Negligible effect 0-0.03 415.55 89.374
2 Low Very sensitive crops affected 0.01-0.03 47.34 10.181
3 Moderate Many crops affected 0.02-0.04 2.06 0.443
4 High Salt tolerant plants grow 0.04-0.05 0.01 0.002
Total 464.96 100.000
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estimated OM data that was normalized and
converted in percent for the BDI calculation is
presented in Figure 11(b).

Soil Biological Degradation Assessment and
Its Severity

The BDI that was derived from the soil
organic matter in percent using Equation 15 is
presented in Figure 12(a) and the soil biological
degradation classes according to the values
(Table 6) are shown in Figure 12(b). Meanwhile
the area and percentage of soil biological
degradation classification is summarized in
Table 13.

The result showed that the most dominant
soil biological degradation class was moderate
degradation and it covered an area of 296.05
km? or 63.67% of the total study area. According
to the overlay analysis between the soil
biological degradation classification and the

LULC data in 2015, the most dominant crop
that was situated in the moderate soil
degradation class was cassava and it covered
an area of 214 km? or 46.025% of the total study
area. This phenomenon was also present in the
high and very high soil biological degradation
classes. These findings reflect an intensive use
of soil for agricultural activities in the Upper
Lamchiengkrai watershed, particularly cassava
cultivation.

Soil Degradation Assessment and Its Severity

According to the combination of the
normalized 3 indicators on soil degradation
(soil loss, soil salinity, and soil biological
degradation) using the multiplicative method,
the most dominantsoil degradation class in the
study area was very low and it covered an area
of 443.00 km? or 95.278% of the total study
area, whereas the high and very high soil

Table 12. List of candidate equations of linear and non-linear regression analysis and accuracy
assessment for optimum OM estimation model identification

Linear and non-

- . Equation R? RMSE NRMSE Rank
linear regression
Simple linear Y =3.262 - 0.038 * Band5 0.553  0.65023  0.29964 6
Multiple linear: Y =-5.298-0.618 * Band2 + 0.890 * Band3 - 0.149 * 0.618  0.64630  0.29783 2
Model. 1 Band4 -0.034 * Band5 + 0.014 * Band6 - 0.007 *

Band7 - 0.010 * Slope + 71.046 * CI +3941.633 * RI

-66.852 * SI
Multiple linear: Y =0.933 -0.655 * Band2 + 0.810 * Band3 - 0.127 * 0.617  0.64438  0.34904 10
Model. 2 Band4 - 0.034 * Band5 + 0.013 * Band6 - 0.008 *

Band7+ - 0.010 * Slope + 76.431 * CI - 65.738* SI
Multiple linear: Y =1.058 -0.607 * Band2 + 0.777 * Band3 - 0.147 * 0.615  0.64544  0.29744 1
Model. 3 Band4 - 0.032 * Band5 + 0.008 * Band6 - 0.011 *

Slope + 73.963 * CI - 61.988 * SI
Multiple linear: Y =0.905-0.613 * Band2 + 0.814 * Band3 - 0.174 * 0.611  0.64752  0.29840 5
Model. 4 Band4 -0.033 * Band5 + 0.007 * Band6 + 77.066 * CI

-62.835 * SI
Multiple linear: Y =0.367 - 0.609* Band2 + 0.859 * Band3 - 0.201 *  0.604  0.64673  0.29803 3
Model. 5 Band4 - 0.029 * Band5 + 81.990 * CI - 63.638 * SI
Multiple linear: Y =1.279 +0.123 * Band3 - 0.091 * Band4 - 0.032 * 0.595  0.64695  0.29813 4
Model. 6 Band5 + 17.632 * CI - 8.779 *SI
Multiple linear: Y =1.173+0.036 * Band3+ -0.033 * Band5+ 10.614 * 0.591  0.65049  0.29976 7
Model. 7 CI+-9.463*SI
Multiple No. 8 Y =2.026 - 0.041 * BandS + 0.032 * Band2 0.571  0.66060  0.30442 9
Cubic model Y =4.251 -0.062 * Band5 + 0.000002 * Band5**3  0.557  0.65929  0.30382 8
Quadratic model Y =4.597-0.081 * Band5 + 0.000 * Band5**2 0.556  1.47980  0.68194 13
Growth model Y =e**3.313 - 0.057 * Band5 0.516  0.75756  0.34910 12
Exponential Y =27.457 * e** - 0.057 * Band5 0.516  0.75741  0.34904 11

model
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degradation classes only covered areas of 0.45
km? and 0.01 km? or 0.096% and 0.003%,
respectively, of the total study area (Figure 13
and Table 14). As a result, it can be observed
that the pattern of soil degradation classification
was similar to the normalized soil erosion.

In addition, according to the overlay
analysis between the soil degradation classes
and the LULC data in 2015, the top 3 dominant
crops in the very low soil degradation severity
class were cassava, maize, and paddy field.

Figure 12. Distribution of soil biological
degradation index (a) and soil
biological degradation classification

(b)

Conversely, the high and very high soil
degradation severity classes were mostly
found in miscellaneous land (soil pit, sand pit,
and land fill). This finding was true because
the soil of miscellaneous land, in general, is
very poor.

Finally, it can be concluded that a soil
degradation problem does not exist in the study
area since the severity of soil erosion and
salinity were very low while the soil biological
degradation was moderate.

Conclusions

The soil degradation assessment in 2015 was
here successfully implemented by the
integration of 3 indicators: soil erosion, soil
salinity, and soil biological degradation using
geoinformatics technology, particularly remote
sensing, GIS, and GPS. The spatial distribution
of the 3 indicators on soil degradation and their
severity classifications were displayed and
quantified in terms of area and percentage.
These findings can be used as a guideline for
soil scientists to assess soil degradation in the
future.

Table 13. Biological degradation index and soil biological degradation classification

No Level of soil biological degradation BDI (Unit less) Area in km? Percent

1 Very low 0-0.3 0.28 0.06

2 Low 0.3-0.6 163.43 35.15

3 Moderate 1 296.05 63.67

4 High 1-2.5 5.12 1.10

5 Very High >2.5 0.08 0.02

Total 464.96 100.00
Table 14. Area and percentage of soil degradation severity classification

No. Severity class of soil degradation Area in km? Percent
1 Very low 443.00 95.278
2 Low 11.67 2.510
3 Moderate 9.83 2.114
4 High 0.45 0.096
5 Very High 0.01 0.003
Total 464.96 100.000
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Normalized soil erosion

Normalized BDI

‘ Severity class of soil degradation |

Figure 13. Distribution of soil degradation severity classification

In a nutshell, it can be concluded that
geoinformatics technology can be efficiently
used as a tool to assess soil erosion, soil
salinity, soil organic matter depletion, and their
severities for soil degradation assessment. The
developed research methodology was more
effective than the traditional approach because
it can save labor, cost, time, and effort and data
can be quickly assessed.
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