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Kwan Phayao Lake is the largest freshwater in the Northern region and is
classified in the wetlands of international importance. It also provides various
ecosystem services, including water supply for household consumption, agriculture,
and recreation. However, the human activity and land use change have affected the
lake's water quality due to high sediment load and eutrophication. Therefore, this
research aims to identify the optimal LULC allocation scenario to minimize sediment
and nutrient export into the lake. The research objectives were (1) to classify LULC
data in 2009 and 2019, (2) to estimate the land requirement and predict LULC of three
scenarios between 2020 and 2029, (3) to estimate sediment and nutrient export of
actual LULCin 2019 and predicted LULC of three scenarios, and (4) to identify optimum
LULC allocation to minimize sediment and nutrient export. This study first assessed
LULC status and change based on classified LULC data in 2009 and 2019 from Landsat
images using a support vector machine. Later, land requirements of three scenarios
between 2020 and 2029 were estimated based on their characteristics and applied to
predict LULC change by the CLUE-S model. For the calibration process of the SDR and
NDR model, the selected parameters for sediment and nutrient export under the
INVEST software suite were systematically calibrated to identify each model's optimum
local parameters using the percent bias (PBIAS) and the coefficient of determination
(R?). Finally, actual LULC data in 2019 and predictive LULC data of three scenarios were
used to estimate sediment and nutrient export for identifying suitable LULC allocation
to minimize sediment and nutrient export by Ecosystems Services Change Index (ESCI).

As a result, the significantly increasing LULC types from 2009 to 2019 were

perennial trees and orchards, para rubber, and rangeland. The critical decreasing LULC



\Y

types were forest land and paddy fields. Meanwhile, the derived land requirement and
predictive LULC data of three scenarios provided reasonable results as expected,
particularly Scenario Il, which adopts the linear programming to calculate the land
requirement for maximizing ecosystem services values. The PBIAS and R? values for
the model calibration were between satisfactory and very good for sediment, nitrogen,
and phosphorus export estimation. According to sediment and nutrient export
estimation of actual LULC in 2019 and predicted LULC of three scenarios between
2020 and 2029, Scenario Il (Maximization ecosystem service values) created the lowest
yield of sediment, nitrogen, and phosphorus exports, with average values of 37,677.19
tons, 196,135.56 kg., and 43,316.82 kg. and provided the lowest average ESCI value
(0.1575) among three scenarios. Thus, LULC allocation of Scenario Il (Maximization
ecosystem service value) was chosen as optimum LULC allocation for minimizing
sediment and nutrient exports into Kwan Phayao Lake. These results can serve as
crucial information to minimize sediment and nutrient loads for land use planners,
land managers, and decision-makers.

In conclusion, integrating remote sensing with advanced classification methods,
GIS data with linear programming, and advanced geospatial models can be used as an
efficient tool to identify an optimum LULC allocation scenario to minimize sediment

and nutrient export.
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CHAPTER |
INTRODUCTION

1.1  Background problems and significance of the study

Freshwater ecosystems are considered as one of the essential natural resources
for living organisms. The rate of deterioration of the water quality of freshwater
resources, for example, lakes, ponds, rivers, etc.,, has become a global problem
(Mushtaqg and Pandey, 2013). Lakes are vital components of our planet’s hydrological
cycle, and they provide significant social and ecological functions while storing water
and supporting significant aquatic biodiversity (Ballatore and Muhandiki, 2002). In the
meantime, lakes are often the final recipients of nutrients discharged from adjacent
uplands and wetlands. Although managing the lake means managing its watershed that
needs proper management, they are probably mismanaged and challenged natural
resources. Some problems originate in a lake itself, while most problems originate from
activities on the surrounding land (ILEC, 2005). Several studies have shown that the
variety of land uses plays an essential role in the water quality of lakes. Significantly,
urban and built-up and cultivated areas influence the water quality within the lake
basin (Huang, Zhan, Yan, Wu, and Deng, 2013; Hua, 2017). Also, land use and land
cover changes are significant drivers for the accelerated eutrophication of surface
waters due to soil loss and nutrient loads into water bodies. Besides, agricultural soil
losses impact sediment deposition (Heathcote, Filstrup, and Downing, 2013).

Meanwhile, changes in land use have led to changes in ecosystem services
(ESs). The impacts of several land use on ESs occur in three ways: major ESs are
generated under different land use practices, land use patterns have a significant
impact on ESs, and differing intensities of land use may have different impacts on the
generation of ESs (Fu et al., 2015). Ecosystem services are the utilities people obtain
from ecosystems. These include provisioning, regulating, cultural, and supporting

services (Alcamo and Bennett, 2003). Therefore, the assessment of ecosystem services



and their relations to human well-being requires an integrated approach. For example,
the modeling of land use changes is an effective method to estimate the impact on
the environment and ecosystem services (Editorial, 2004; Yuan, 2008; Tolessaa,
Senbetaa, and Kidaneb, 2017), and ecosystem services modeler such as the InVEST
(Integrated Valuation of Ecosystem Services and Tradeoffs) has been used to assess
and model ecosystem services quantitatively and analyze and map ecosystem services
include GIS-based spatially explicit modeling tools. Additionally, it can also be used to
estimate the monetary value of ecosystem services (Shoyamaa, Kamiyamaa,
Morimotob, Oobac, and Okurod, 2017). For example, Srichaichana, Trisurat, and
Ongsomwang (2019) applied toolsets of multiple ecosystem service evaluations,
namely water yield and sediment delivery ratio models, to estimate water yield and
sediment retention ecosystem services in the Klong U-Tapao watershed, Songkhla
Province, Thailand, for identifying an optimum LULC scenario.

Kwan Phayao Lake is the largest freshwater in the Northern region and the
fourth of Thailand as well as it was classified in the list of wetlands of international
importance. This lake is an essential source of food security and species diversity
conservation. Aquatic plants were found in the lake with about 36 species (Scott, 1989),
and 44 fishes were identified by Rattanadaeng, Panboon, and Soe-been (2015).
Furthermore, Kwan Phayao Lake provides various ecosystem services, including water
supply for household consumption, agriculture, and recreation.

The Kwan Phayao Lake is situated in the Upper Ing watershed, where Nam Mae
Ing River flows from Nong Leng Sai, located at the northern end and poured into the
lake, while Nam Mae Tum River at the southern end also inflows to the lake. Primary
cultivation practices in the watershed include paddy fields, field crops, perennial trees,
and orchards. In the meantime, the extent of the Phayao Municipality was rapidly
expanded due to the increase in population. These activities create many
environmental problems, such as non-point sources (NPS) and soil erosion.
Additionally, changing land use like urban and agriculture have affected the water
quality of the lake. This effect has been caused by excessive amounts of nitrogen (N)
and phosphorus (P) from agriculture practices and human activities. The nutrients flow

into the lake have caused plankton bloom or eutrophication, such as the spread of



toxic algal diversity (Kaewsri and Traichaiyaporn, 2012), chlorophytic phytoplankton
(Peerapornpisal, Suphan, Ngearnpat, and Pekkoh, 2008), and water hyacinth
(Department of Public Works and Town & Country Planning, 2010). Also, the lake is
becoming shallow as a result of the high sediment load from soil erosion.

Furthermore, the Department of Fisheries and Royal Irrigation Department
(2017) summarized the recently existing problems related to Kwan Phayao Lake, as
shown in Table 1.1. So, the Ministry of Agriculture and Cooperative spent about 134
million Baht for increasing water storage by sediment dredging, aquatic plant weeding,
and flap-gate-weir building (Royal irrigation department, 2017).

Therefore, an optimal land use pattern identification to minimize sediment and
nutrient export into Kwan Phayao Lake based on the ecosystem service change index
is essential for sustainable development in the Upper Ing watershed.

Consequently, this study first assesses LULC and its change in the Upper Ing
watershed in 2009 and 2019 using support vector machine algorithms (SVM) from the
satellite data of Landsat 5 and Landsat 8. Then, the land requirements between 2020
and 2029 of three different scenarios are estimated for the CLUE-S model using the
Markov Chain model for Scenario | (Trend of LULC evolution), linear programming for
Scenario Il (Maximization ecosystem service values), and based on economic crop
zonation for Scenario lll (Economic crop zonation). Next, the CLUE-S model simulates
LULC change of three different scenarios in this period is created to account for the
land use transformation. After that, sediment delivery ratio (SDR) and nutrient delivery
ratio (NDR) models of the InVEST software suite and the LULC predicted between 2020
and 2029 of three different scenarios are used to assess the ecosystem service
(sediment and nutrient export). Finally, optimum LULC allocation for minimizing
sediment and nutrient export in the Kwan Phayao Lake is identified using the
Ecosystems Services Change Index (ESCI) between the base year in 2019 and predicted
years. The expected results will provide vital information to support land use planners,

land managers, and decision-makers.



Table 1.1 The existing problem relates to Kwan Phayao Lake.

State of problems

1. Water flows into the lakes less than 33.84 million cubic meters.

2. Total sediment is 134,459 tons per year (95,200 cubic meters per year).
2.1 Sediment from water hyacinth and aquatic weed are 103,430 tons per year.
2.2 Sediment from erosion is 31,029 tons per year.

3. The expansion of the weed covers 4.414 square kilometers of the water
surface or about 21.6 percent of the water surface.

4. Water demand for irrigation is 15 million cubic meters per year.

Source: Department of Fisheries and Royal Irrigation Department (2017).

1.2 Research objectives

This research aims to identify the optimal scenario of LULC allocation to
minimize sediment and nutrient export, Upper Ing Watershed, Phayao Province.
Specific research objectives are set as follows:

(1) To classify LULC in 2009 and 2019 from remotely sensed data by using a
support vector machine algorithm;

(2) To estimate land requirements between 2020 and 2029 of three different
scenarios: Scenario | (Trend of LULC evolution) with Markov Chain model, Scenario |l
(Maximization ecosystem service values) with linear programming and Scenario |ll
(Economic crop zonation) based on economic crop zonation;

(3) To predict LULC of three different scenarios between 2020 and 2029 using
CLUE-S model;

(4) To estimate sediment and nutrient export of three different scenarios
between 2019 and 2029 using SRD and NDR models;

(5) To identify optimum LULC allocation to minimize sediment and nutrient

export using the Ecosystems Services Change Index (ESCI).



1.3  Scope and limitations of the study
1.3.1 Scope of the study

The scope of the study can be summarized as follows:

(1) LULC data in 2009 and 2019 are classified from Landsat 5 (27
February 2009) and Landsat 8 (23 February 2019) by SVM algorithm with Gaussian radial
basis function. This study uses ten LULC types that are modified from the standard
land use classification of LDD include (1) urban and built-up area, (2) paddy field, (3)
field crop, (4) para rubber, (5) perennial trees and orchards, (6) forest land, (7) water
body, (8) rangeland, (9) wetland, and (10) miscellaneous land. Then, the post-
classification comparison change detection algorithm is applied to extract LULC change
for describing from-to-change information between 2009 and 2019.

(2) For land requirement estimation between 2020 and 2029 under
Scenario | (Trend of LULC evolution), a transitional change area matrix that is extracted
using the Markov Chain model based on classified LULC in 2009 and 2019 is applied
to calculate annual decreasing and increasing areas of each LULC type between 2020
and 2029.

(3) For land requirement estimation between 2020 and 2029 under
Scenario Il (Maximization ecosystem service values), areas of each LULC type in 2029
are allocated to maximize ESV based on the coefficient value of different LULC types
using Linear Programming (LP). They are further applied to calculate the annual
decreasing and increasing areas of each LULC type between 2020 and 2029.

(4) Land requirement estimation between 2020 and 2029 for scenario Il
(Economic crop zonation) is determined based on land suitability zonation for
economic crops of Agri-Map by the Land Development Department.

(5) Driving factors on LULC change, including physical and socio-
economic, are applied to identify LULC type location preference using multicollinearity
test and binary logistics regression analysis under the CLUE-S model.

(6) The sediment delivery ratio (SDR) model is applied to estimate soil
erosion, sediment retention, sediment deposition, and sediment export in the base
year (LULC in 2019) and the predicted LULC data between 2020 and 2029 of three

different scenarios.



(7) The nutrient export in LULC 2019 and the predicted LULC between
2020 and 2029 of three different scenarios is estimated by the nutrient delivery ratio
(NDR) model.

(8) Optimum LULC pattern to minimize sediment and nutrient export is
identified by using average value ESCI value of ecosystem services (sediment and
nutrient exports) between base year (2019) and predicted years (2020-2029).

1.3.2 Limitation of the study

The limitation of the study is summarized as follows:

(1) The parameters, namely nitrogen and phosphorus loads, maximum
retention efficiency for the nutrient delivery ratio, were derived from the MRC (Mekong
River Commission, 2017) report due to the lack of local data.

(2) The LULC data between 2011 and 2018 is predicted under the CLUE-
S model based on the transitional change area of the Markov Chain model. Then, the
predicted LULC as input is applied to calibrate and validate the SDR and NDR model.

(3) The observed sediment was calculated from the total suspended
solids (TSS), which derived the data from the Pollution Control Department (PCD,
2019), and annual surface runoff data from RID. Then, the observed sediment is applied
to calibrate and validate the SDR models.

(4) The observed nitrogen was calculated from the total nitrogen (sum
of NOs-N, NO,-N, and NHs-N), which derived the data from the Pollution Control
Department (PCD, 2019), and annual surface runoff data RID. Then, the observed
nitrogen is applied to calibrate and validate the NDR models.

(5) The observed phosphorus was calculated from the total phosphorus,
which derived the data from the Pollution Control Department (PCD, 2019), and annual
surface runoff data from RID. Then, the observed phosphorus is applied to calibrate
and validate the NDR models.

(6) Monthly rainfall data between 2020 and 2029 for sediment and
nutrient exports estimation are interpolated based on the simulated nine rainfall
locations of the Global Products and Data Services of the National Center for
Atmospheric Research (NCAR) over the study area using the Inverse Distance Weighted

(IDW) method. The RCPs 8.5 simulation model of NCAR, which represents the highest



rising of radiative forcing pathway, population probability, economic trends,
greenhouse gas emission level, and technological change (NCAR, 2004), is chosen in
this study. Because this simulated rainfall characterizes the impact of climate change
on water yield, as suggested by Riahi, Grubler and Nakicenovic (2007). The water yield

is directly related to sediment and nutrient export in this study.

1.4  Study area

Upper Ing watershed is a part of the Mekong watershed where Ing River is the
mainstream and flows backward into the Mekong River at Chiang Kong district, Chiang
Rai province. The watershed area is about 891.35 sq. km, and it covers two whole
districts (Mueang Phayao and Mae Chai) of Phayao province and some parts of two
districts (Phan and Phadad) of Chiang Rai province. The watershed locates between
19°01' 21" N to 19° 32' 53" N and 99° 41' 24" E to 99° 57" 32" E (Figure 1.1).

According to land use data of the Land Development Department in 2015, two
main land use types were forest land, about 43% and agricultural land, about 32%,
such as paddy fields, corn, lychee, and longan (Figure 1.2). In this watershed, there are
two crucial wetland areas include Kwan Phayao and Nong Leng Sai. The highland and
mountains are on the west side, while the areas between floodplain and highland are
undulating and rolling plain. The lowest area in the study area is Kwan Phayao, which
collects and stores water, sediments, and nutrients from the upstream in the northwest

and west parts of the watershed.
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Figure 1.1 Terrain and location map of the Upper Ing watershed, Mekong Basin.
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1.5 Benefits of the study

The benefits of the study are summarized as follows:

(1) LULC classification in 2009 and 2019,

(2) LULC change map between 2009 and 2019,

(3) Transition change area for land requirement between 2020 and 2029 for
Scenario | (Trend of LULC evolution),

(4) Land requirement between 2020 and 2029 for Scenario Il (Maximization
ecosystem service values) based on constraint and objective function to maximize ESV
by linear programming,

(5) Land requirement between 2020 and 2029 for Scenario Ill (Economic crop
zonation) based on economic crop zonation of the LDD,

(6) LULC prediction from 2020 to 2029 of three different scenarios.

(7) Soil loss, sediment retention, and sediment export between 2020 and 2029
in three different scenarios,

(8) Total phosphorus and nitrogen load in the watershed from different LULC,

(9) Nitrogen and phosphorus export from the watershed between 2020 and
2029 in three different scenarios,

(10) LULC pattern for optimum ecosystem services to minimize sediment and

nutrient export in Upper Ing watershed.



CHAPTER Il
BASIC CONCEPTS AND LITERATURE REVIEWS

Basic concepts include (1) LULC classification with support vector machine
(SVM), (2) Markov Chain model (3) CLUE-S model, (4) Linear programming, (5) Sediment
Delivery Ratio model of InVEST software suite, (6) Nutrient Delivery Ratio model of

INVEST software suite, and literature reviews are summarized in this chapter.

2.1  LULC classification with support vector machine (SVM)

Support Vector Machine (SVM) is a learning system that uses a hypothesis space
of linear functions in an N-dimensional feature space, trained with a learning algorithm
from optimization theory that carries out a learning bias derived from statistical learning
theory (Cristianini and Shawe-Taylor, 2000). The SVM was rooted in the statistical
learning theory developed by Vladimir Vapnik and co-workers at AT&T Bell Laboratories
in 1995. The SVM training algorithm goals to find a hyperplane that separates the
dataset into a discrete predefined number of classes in a model consistent with the
training examples (Figure 2.1).

An optimal hyperplane is defined as the linear decision function with the
maximal margin between the vectors of the two classes (see Figure 2.1). To construct
such optimal hyperplanes, one only has to consider a small amount of the training
data, which determines this margin (Cortes and Vapnik, 1995). The principle of the SVM-
based solution for the learning process is very briefly described below (Vapnik, 1999;

Zhu and Blumberg, 2002; Kavzoglu and Colkesen, 2009).
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Figure 2.1 An example of a separable problem in a 2-dimensional space. The support

vectors define the margin of the largest separation between the two classes.

Consider the optimal separating hyperplanes. Suppose the training data

(XJ;)/]),--.,(XA,)/A), xER" ,y E{+1,—1}, (2.1)

Where x € R" is an N-dimensional space, and y € {+1, -1} is a class label, and it can

be separated by a hyperplane as:
(w'x)+b:0 (2.2)

Where x is a point lying on the hyperplane, parameter w determines the orientation
of the hyperplane in space, b is the bias that the distance of hyperplane from the
origin.

In this case, this set of vectors is separated by the optimal hyperplane if it is
split without error, and the distance between the closest vectors to the hyperplane is
maximal. To describe the linear separating hyperplane, use the following form such
that the inequalities:

(W'x,.)+bz+1 Ify=+1
(2.3)
(W'X,)+bs—1 Ify=-1
Among the separating hyperplanes, the one for which the distance to the

closest point is maximal is called the optimal separating hyperplane. The learning
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processing based on SVM aims to find the optimal separating hyperplane to separate
the training data in n dimension by using the criteria described above and then to

separate the real data in the same dimension (Zhu and Blumberg, 2002).

If o is denoted as (Qj .., O)). The A, non-negative Lagrange multipliers

associated with constraints Eq. (2.3), the optimization problem amounts to maximizing

1
w (a) = ZL ;- ; 23}:1 aiajy/ijin (2.4)

With @, > 0 and under the constraint Z,{] Qy =0. Once the vector &° = (&’,..., AX°)
solution of the maximization problem Eq. (2.4) has been found, the optimal separating

hyperplane (w,,b,) has an expansion, as shown in Eq. 2.5.

Wo = 2/?‘:1 a/QY,X/ (2.5)

The support vectors are the points for that &; > 0 and satisfy Eq. (2.3) with equality.
For a nonlinear situation, a support vector network tries to map the input
vectors into a very high-dimensional feature space Z through some nonlinear mapping

chosen a priori. In this space, the construction of an optimal separating hyperplane is

completed. Therefore, x will be replaced by its mapping in the feature space @(x), as

shown in Figure 2. Then, Eq. (2.4) will be changed to Eq. (2.6):

w (@) :211 o ézl"}:z oy I,yjd)(x[)(DO(j) (2.6)

To prevent computational problems, arising from a rapid increase in the
number of dimensions of mapped space @, an inner product between any two vectors

in the feature space D(x,) and D(x,) is chosen as a function of two variables in the

input space as:

D) O )=K(x) 2.7)

Then, it will be possible to construct the solutions, which are equivalent to the optimal
separating hyperplane in the feature space, and the nonlinear decision function

changes the form to Eq. (2.8) as:
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f(X) :Slgl’? (Z.vsupporti\/ector aiK&i .X)’LbO) (2'8)

Where The @; = (Q;,.., Q) is the A non-negative Lagrange multipliers for the
optimization process to look for the optimal separating hyperplane. K(x, x;) is an SVM

type of kernel, which is chosen to replace the inner product (x; x;).

Kernel © ® O\ ©
il ©
unction ®
’ © © ©
¢ o
o| O © ©
o © ©
0|9 o
0o 00 Hyper Plane
O @) (@)
> » 2 >
Input Space Feature Space

Source: Kavzoglu and Colkesen (2009).

Figure 2.2 Mapping of the data sets to the high-dimensional space with a Kernel

function.

Kernel functions commonly used in SVMs can generally be aggregated into four
groups: linear, polynomial, radial basis function, and sigmoid kernels (Patle and
Chouhan, 2013).

Linear Kernel Function: Linear kernel function is commonly described as:
K &,x, )zx'xT (2.9)

Polynomial Kernel Function: The polynomial kernel function is directional, i.e.,
the output depends on the direction of the two vectors in low dimensional space.
This output is due to the dot product in the kernel. The magnitude of the output is

also dependent on the magnitude of the vector x.

Klox)= (1rxx ) (2.10)

Where ‘d’ is a degree of the kernel function.
Radial Basis Function: Radial basis function is one of the most popular kernel

functions. RBF is implemented by using convolutions of the type.
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2
K Gox )=e VIl (2.11)

Where kernel function parameter Y > 0
Sigmoid Function: The SVM with the Sigmoidal Kernel function is equivalent to

the Multi-Layer Perceptron classifier in performance.

K (xx )=Tanh [ Vx/x+r ) (2.12)

Here Y, r and d are kernel parameters. The selection of kernel function depends on

the application. It is not fixed.

2.1.1 Application of LULC classification with SVM

Many review papers present that there has been a significant increase in
SVM works on the classification of remote sensing because SVM-based classification
has been known to strike the right balance between accuracy attained on a given finite
amount of training patterns and the ability to generalize to unseen data (Mountrakis,
Im, and Ogole, 2011). Also, the ability of SVMs in image classification is successfully
used in small training data sets, often generating higher classification accuracy than the
traditional methods (Mantero, Moser, and Serpico, 2005). However, some drawbacks
of SVM classification have been reported by researchers. Nalepa and Kawulok (2019)
found that the training and testing phase of the algorithm requires plenty of time,
which depends on the training set size. Also, SVM with the kernel function still needs
to find the appropriate kernel parameters to improve the highest classification accuracy
(Zhang and Song, 2015).

Ustuner, Sanli, and Dixon (2015) investigated the sensitivity of SVM
architecture, including internal parameters and kemnel types, on land use classification
accuracy of RapidEye imagery for the study area in Turkey. Four kernels (linear,
polynomial, radial basis function, and sigmoid) were used for the SVM classification.
The results suggested that the choice of model parameters and kernel types play an
essential role in SVMs classification accuracy. The best model of polynomial kernel
outperformed all SVMs models and gave the highest classification accuracy of 85.63%

with RapidEye imagery.
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Taati, Sarmadian, Mousavi, Pour, and Shahir (2015) classified land use
using a support vector machine (SVM) in the case of linear separating hyperplane and
maximum likelihood classifier (MLC) in Qazvin, Iran, by TM images of the Landsat 5
satellite. Land use classes were extracted: irrigated agricultural lands (including the
irrigated land, fallow 1, and fallow 2), highway, hill, rainfed land, water channel, range,
building, powerhouse, and saline land. The evaluation results verified that the SVM
algorithm, with an overall accuracy of 86.67% and a kappa coefficient of 0.82, has
higher accuracy than the MLC algorithm in land use mapping.

Likewise, Prasad, Savithri, and Krishna (2017) investigated the accuracy
and reliability of the Support Vector Machine (SVM) classifier for classifying a
multispectral image of Hyderabad and its surrounding area and also compared its
performance with Artificial Neural Network (ANN) classifier. A hybrid technique, which
was Fuzzy Incorporated Hierarchical clustering, was proposed for clustering the
multispectral satellite images into LULC sectors. The classified results showed that the
SVM yields an auspicious performance than the ANN in LULC classification. The overall
accuracies of the LULC classification of Hyderabad and its surroundings area are
approximately 93.159% for SVM and 89.925% for ANN. The corresponding kappa
coefficient values are 0.893 and 0.843.

The integration of spectral and shape features, as well as the transformed
spectral components in an SVM, were able to improve classification accuracy such as
Wang, Jia, Yao, and Xu (2019) were used principal component analysis (PCA) and
optimum index factor (OIF) to select the best band combination of Landsat TM images.
The image extracted texture statistics, texture features, and spectral information of the
homogeneity, contrast, entropy, and angular second moments using the gray level co-
occurrence matrix. The land use classes of the study area were divided into eight
classes, including cultivated land, forest land, grassland, water area, residential area,
coal mine land, unused land, and transportation land. The results found that the
support vector machine (SVM) and neural network (NN) classification techniques could
classify all land use types in the coal mining area. The overall accuracy obtained was
92.40%, and the Kappa hat coefficient was 0.9126 for SVM, 90.90%, and 0.8930 for NN,

respectively.
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Moreover, SVMs have been used with object-based classification to
achieve the best classification accuracy as Jia et al. (2019) investigated the capability
and strategy of GF-2 multispectral data for land use and land cover (LULC) classification
in a region of the North China Plain. The pixel-based and object-based classifications
using maximum likelihood (MLC) and support vector machine (SVM) classifiers were
evaluated to determine the classification strategy suitable for GF-2 multispectral data.
The validation results indicated that GF-2 multispectral data achieved satisfactory LULC
classification performance, and object-based classification using the SVM classifier
succeeded the best classification accuracy with an overall classification accuracy of
94.33% and kappa coefficient of 0.911.

In summary, it can be observed that the SVM algorithm has been applied
to classify LULC from moderate spatial resolution images by many researchers. This
algorithm can provide an overall accuracy between 85% and 94%, and the Kappa hat

coefficient ranges from 0.82-0.91.

2.2  CLUE-S model
The Conversion of Land Use and its Effects at Small regional extent (CLUE-S)

model was developed to simulate land-use change using empirically quantified
relations between land use and its driving factors combined with dynamic modeling
for a small region. A multi-scale land-use change model is used to understand and
predict the impact of biophysical and socio-economical forces driving land-use change.
The model can simulate different land-use types simultaneously and the possibility to
simulate different scenarios. Also, the model can easily be applied to a wide range of
areas and land-use change situations. CLUE-S can simulate the future LULC map
cartographically to continue the former CLUE model (Verburg and Overmars, 2007).
The CLUE-S model requires information to consider the following four
components: (1) spatial policies and restrictions; (2) land use types specific conversion
settings, (3) land (demand) requirements, and (4) location characteristics, as shown in

Figure 2.3.



18

Spatial policies Land use type specific
and restrictions conversion settings
‘ Mature parks ‘ K
‘ Conversion elasticity ‘
| Rasfricted areas |
‘ Land use fransition sequences ‘
‘ Agricultural developmeant zones ‘

CLUE-s

Land use change
allocation procedure

Land use requirements Location characteristics
(demand)
Location
trends L:P[EJA;: —— tactors
" |Adgregate location || soil,

arios and use . .
scenanas dlﬂm'nd suitability accessibility,
damanc
ate.

advanced models

Source: Verburg and Lesschen (2014).

Figure 2.3 Overview of the information flow in the CLUE-S model.

A brief description of each component based on Verburg and Lesschen (2014)
is summarized as follows.

(1) Spatial policies and restrictions

Spatial policies and land tenure indicate areas where land use changes are

restricted through policies or tenure status. The conversions restricted by a specific
spatial policy can be indicated in a land use conversion matrix.

(2) Land use type-specific conversion settings

Land use type-specific conversion settings determine the temporal dynamics
of the simulations. Two parameters are required to characterize the individual land
use types: conversion elasticities and land use transition sequences. The first
parameter set, the conversion elasticities, is related to the reversibility of land use
change. Land use types with high capital investment will not easily be converted to
other uses as long as there is sufficient demand. Thus, each land use type value has
to be specified to represent the relative elasticity to change, ranging from 0 (easy
conversion) to 1 (irreversible change). Meanwhile, land use type characteristics needed
to be specified are land use type, specific conversion settings, and temporal

characteristics. These settings are designated in a conversion matrix.
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(3) Land use requirements (demand)

Land use requirements are calculated at the aggregate level as part of a specific
scenario. The land use requirements constrain the simulation by defining the required
change in land use. In the approach, land use requirements are calculated
independently from the CLUE-S model itself. The calculation of these land use
requirements is based on various methods, depending on the case study and the
scenario. The extrapolation of trends in land use change of the recent past into the
near future is a common technique to calculate land use requirements.

(4) Location characteristics

Land use conversions are expected to occur at locations with the highest
preference for the specific type of land use at that moment in time. The preference
of a location is empirically estimated from a set of factors based on the different
disciplinary understandings of the determinants of land-use change. The preference is

calculated using the following equation:

Rk/:OkX.Z/-I_kaZI-/_ ..... (2-13)

Where, R is the preference to devote location i to land use type k, X ,,.. are biophysical
or socio-economical characteristics of location i and a, and b, the relative impact of
these characteristics on the preference for land use type k.

A statistical model can be developed as a binomial logit model. The function
that relates these probabilities with the biophysical and socio-economic location

characteristics is defined as a logit model using the following equation:

n’ n,i

Pi
Log(;) =6,+6 X, +6,%,....+6 X, (2.14)

Where, Pj is the probability of a grid cell for the occurrence of the considered land use

type on location i and the X’s are the location factors. The coefficients (B) are
estimated through logistic regression using the actual land use pattern as the
dependent variable.

Allocation procedure

Allocation of land-use change is made in an iterative procedure given the

probability maps, the decision rules in combination with the actual land-use map, and
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the demand for the different land-use types (Figure 2.4). The following steps are
followed in the calculation:

(1) The first step includes the determination of all grid cells that are
allowed to change. Grid cells that are either part of a protected area or presently
under a land use type that is not allowed to change are excluded from the further
calculation.

(2) For each grid cell j, the total probability (TPROP;,) is calculated for each

of the land use types u according to:

TPROP, =P, +ELAS +ITER, (2.15)

Where, P, are the suitability of location i for land use type u (based upon the logit
model), ELAS, is the conversion elasticity for land use u and ITER, is an iteration
variable that is specific for the land use type and indicative for the relative competitive
strength of the land use type. ELAS,, the land use type-specific elasticity to change
the value, is only added if grid-cell i is already under land use type u in the year
considered. P;, consists of a part based on the biophysical and socio-economic factors
and a neighborhood interaction part.

(3) A preliminary allocation is made with an equal value of the iteration
variable (/ITER,) for all land use types by allocating the land use type with the highest
total probability for the considered grid cell. This process will cause several grid cells
to change land use.

(4) The total allocated area of each land use is now compared with the
land use requirements (demand). For land-use types where the allocated area is
smaller than the demanded area, the value of the iteration variable is increased. For
land-use types for which too much is allocated, the value is decreased.

(5) Steps 2 to 4 are repeated as long as the demands are not correctly
allocated. When allocation equals demand, the final map is saved, and the

calculations can continue for the next timestep.
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Figure 2.4 Flow chart of the allocation module of the CLUE-S model.

2.2.1 Application of the CLUE-S model

The CLUE-S model was applied to predict the spatial patterns of future
land use. The model transfers and allocate land demand from the Markov chain model
to improve LULC change projection to simulate different land-use scenarios. For
instance, Ongsomwang and lamchuen (2015) assessed the historical and recent LULC
and changes. The CLUE-S model was developed to simulate the land-use change in
three different scenarios. Then, the three simulated scenarios from the LULC data in
2023 were used to assess soil erosion, water yield, and economic value and their
changes. Finally, the optimum land use for three different scenarios was allocated.
The results showed that the simulation of 3 LULC scenarios in 2023 by the CLUE-S
model revealed that urban and built-up land, cassava, sugarcane, water body, and
miscellaneous land would increase while maize, perennial tree/orchard, and forest
land would decrease under Scenario | (Historical land use evolution). At the same time,
the increase in cassava and sugarcane under Scenario Il (Energy crop extension) came
from maize, forest land, and miscellaneous land, while most of the increasing forest
land under Scenario Il (Forest conservation and prevention) was converted from maize,
sugarcane, and miscellaneous land.

Han, Yang, and Song (2015) developed CLUE-S model that will transfer

and allocate land demand from the Markov model to improve LULC change projection
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to simulate future land use scenarios from 2010 to 2020, which comprise a
development scenario (natural and rapid development) and protection scenarios
(ecological and cultivated land protection). The results indicated that the conversion
of cultivated land to urban built-up land would form the main features of LULC change
in the future. The geographical environment restricted the expansion of urban built-
up land, but the cultivated land will be converted to built-up land in mountainous
areas and more widespread by 2020.

Guang Liu et al. (2017) investigated the relationship between government
policy and land-use change to develop appropriate strategies for sustainable land use
in the Lijiang River Basin, Guangxi Zhuang Autonomous Region in southern China. The
predicted characteristics of land-use change were explored using the CLUE-S numerical
model and logistic regression. The tendency of land-use changes from 1993 to 2020
under two scenarios: A Natural Growth Scenario (NS) and a Government Intervention
Scenario (GS) was simulated. The CLUE-S model was applied to predict the spatial
patterns of land use for 2020. It showed that construction and cultivated land areas
increased under the NS while other land use areas decreased. Under the GS, the areas
of the others declined, but the areas of construction land, woodland, cultivated land,
and water all increased. Furthermore, a significant cultivated land area occurred in
Lingchuan County under the NS and Xingan County under the GS. the woodland and
water area decreased for every county under the NS. Under the GS, the areas of
woodland expansion were located in Lingchuan and Lingui counties, while increases
in water areas happened in Lingchuan and Guilin counties. Besides, construction land
expanded in Lingchuan County under the NS and in Guilin County under the GS.

Zare, Samani, Mohammady, Salmani, and Bazrafshan (2017) evaluated
land-use change effects on soil erosion in the north of Iran using five land-use
scenarios. CLUE-S model was used to investigate land-use transition and to simulate
land use for the year 2030. the reduction in land use degradation in the future was
applied for the first three scenarios. Also, the new demand (% increase in demand)
will be considered in the other scenario. In addition, the erosion and the effect of land-
use change were estimated by the RUSLE model. The results showed that CLUE-S is

suitable for modeling future land use transitions using the ROC curve. The soil loss
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change ranges from 2% to 32% in the simulated period. Soil loss value was higher than
the basis period in all scenarios.

Sun, Zhang, Shen, Randhir, and Cao (2019) assessed the effects of land
use change on multiple ecosystem services in the Kaihua watershed of China based
on the INnVEST model and CLUE-S model. The modeling of land-use change was based
on CLUE-S to simulate future land use patterns. Ecosystem services, namely, water
yield, soil conservation, carbon storage, water purification, and habitat quality during
2000-2015, are evaluated and compared to future land use scenarios in 2025
(business-as-usual, strategic planning, environmental protection, and economic
development). The strategic planning scenario is an optimal land use strategy to
balance the requirements for urban development while providing higher ecosystem

services.

2.3  Linear programming

Linear programming (LP) is a mathematical procedure for finding optimal
solutions to problems expressed using linear constraints (equations and/or
inequalities). A linear program includes a set of variables, a linear objective function
indicating the contribution of each variable to the desired outcome, and a set of linear
constraints describing the limits on the values of the variables. The “answer” to a
linear program is a set of values for the problem variables that result in the objective
function’s best - largest or smallest -a value and is consistent with all the constraints.
Thus, solving a linear program is relatively easy. However, the most challenging part of
applying linear programming is formulating the problem and interpreting the solution
(McDill, 1999). LP is not explicitly spatial but can be used as a tool for spatial
organization. Its application field ranges from business planning management to the
problem of a spatial organization (Chuvieco, 1993). The primary feature of a linear
programming problem is that all functions associated, the objective function, and the
constraints must be linear. A single nonlinear function’s appearance, either on the
objective or in the constraints, suffices to reject the problem as an LP problem

(Pedregal, 2004).
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In this study, LP is applied to maximize ecosystem service value because the
coefficient value for ESV estimation has a linear relationship with LULC types. So, LP is
here chosen to maximize ESV in this study.

The LP is an optimization problem of the general form as:

Maximize or minimize

Z=2" X, (2.16)

i=1 it
Where ¢; = the objective function coefficient corresponding to the ith variable, and
X; = the i decision variable.

The constraints explain the possible values that the variables of a linear
programming problem may take. They typically represent resource constraints, or the
minimum or maximum level of some activity or condition (McDill, 1999). The general
form is the following:

subject to:

Z/’ X<y, j=1,..p,

2.0;X;2b, j=p+1,..,q, (2.17)

Zl-aﬂX,:bj, Jj=g+1,...m,
Where @gj; = the coefficient on X; in constraint j, and
b; = the right-hand-side coefficient on constraint ;.
¢, b, a; are data of the problem. Depending on the particular values of p and g we
may have inequality constraints of one type and/or the other, and equality restrictions.
The coefficients a; for i=1,2,..,.m, j=1,2..,n are called the technological

coefficients. The coefficients are usually expressed in a matrix form of A.

a
011 012 In

a
A= : .
Ami Am2 Amn

The column vector, whose i component is b;, which is referred to as the right-hand-

side vector, represents the minimal requirement to be satisfied.
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The non-negativity constraints: the constraints  x;,x,,...,x,20 are the non-
negativity constraints. A set of variables x;,...,x,, satisfying all the constraints is called a
feasible point or vector. The set of all such points constitutes the feasible region or
space. The variables of linear programs must always take non-negative values (i.e.,

greater than or equal to zero).

2.3.1 Application of Linear programming

Nikkami, Shabani, and Ahmadi (2009) optimized land allocation to
different land uses like rangeland, orchard, irrigated farming, and dry farming to
minimize soil erosion and maximize people’s net income Kharestan watershed,
Northwest of Eghlid in Fars province, Iran. Linear Programming (LP) model with multi-
objective was applied in three different land-use scenarios, namely existing land uses
plus land management (Scenario 1), existing land uses with some degree of land
management (Scenario 2), and proper land uses plus land management (Scenario 3).
The amount of soil loss and net benefit in each land use were computed and used as
inputs to formulate the optimization problem’s objective functions and governing
constraints. The simplex method was used to solve the problem for finding the optimal
solution. The results showed rangelands experience no change, the area of orchards
should be increased, irrigated farms and dry farming lands should be decreased. Also,
soil erosion decreases by 53%, and net income increases by 208% from proper land
use and management. Sensitivity analysis displayed that the area of orchards and
rangelands are the most sensitive parameters. Their changes have the highest
consequence on the amount of net income and soil erosion.

Ying, Honggi, Dongying, and Wei (2012) designed and developed
agricultural land use by dividing zones and a pre-allocation for each land use. The
spatial allocation module and land-use suitability and area optimization module were
incorporated to constitute a whole agricultural land use optimal allocation (ALUOA)
system. Land-use suitability on eight common crops was evaluated one by one using
a linear weighted summation method in the land-use suitability model. The linear
programming (LP) model in the area optimization model succeeds in giving out land

area targets of each crop under three scenarios. At last, the land use targets are
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allotted in space, both with a six-subzone file and without a subzone file. The results
show that the land use maps with a subzone not only ensure every part has enough
land for every crop but also gives a more fragmental land use pattern, with about
87.99% and 135.92% more patches than the one without, while at the expense of loss
between 15.30% and 19.53% in the overall suitability at the same time.

Zhang et al. (2016) adopted the linear programming (LP) model to
consider Abandoned Mining Land (AML) dynamics and calculate future land
requirements for all land-use types. The map of the spatial transformations of AML for
2020 in the Mentougou District (Beijing, China) was created by the CLUE-S model. Three
scenarios are generated to map the spatial distribution of land-use types using 2007
as a baseline: Scenario 1: the planning scenario based on the general land-use plan in
Mentougou District, Scenario 2: maximal comprehensive benefits, and Scenario 3:
maximal ecosystem service value (ESV). Next, landscape pattern changes are analyzed
by using several landscape-scale metrics. The results displayed that the coupled
model could simulate the dynamics of AML effectively, and the spatially explicit
transformations of AML were different. Reclaiming AML by transformation into more
forests can reduce the variability and maintain the stability of the landscape ecological
system in the study area.

Sokouti and Nikkami (2017) determined the optimal land use to reduce
erosion and increase the resident’s income of the Qushchi watershed in West
Azerbaijan province, Iran. The optimizing land use pattern problem was solved by
linear programming. The Simplex Method was used for three different conditions,
including the current status of land uses without and with land management, the
standard status of land uses with soil and water conservation practices inputs and high
land use outputs. Finally, the best land use option was determined by comparing each
scenario’s erosion rate and cost. Then, the circumstances and the recommended
conditions were compared. The results indicated that the current surface area of
current land uses is not suitable to minimize erosion and increase the income of
residents and should change in the optimum conditions. Conversion of rangeland area
not indispensable. Besides, the results showed that high decreased soil erosion and

high increased profitability in the standard conditions. The sensitivity analysis results
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showed that the changes in the horticulture and rangeland areas have the most
significant impact on increasing profitability and reducing soil erosion of the Qushchi
watershed.

Pokhrel and Paudel (2019) proceeded biophysical simulations using
MapShed to assign the effects of adopting best management practices (BMPs) to
decrease nutrients and sediment pollution in a watershed dominated by poultry
production at Saline Bayou Watershed, Louisiana, USA. The reduction of three water
pollutants, nitrogen, phosphorus, and sediment, from adopting different BMPs, was
estimated using a linear programming model to maximize pollution reduction at the
lowest cost. Three weather scenarios (dry, normal, and wet) were considered, and BMP
parameter efficiencies were received from linear regression models. The results
showed that nutrient managsement and agricultural land retirement reduced most
phosphorus runoff at the lowest cost in the watershed. Also, results were robust to

alternative weather (dry, normal, and wet) scenarios.

2.4  Sediment Delivery Ratio model of INnVEST software suite

Primary sediment sources comprise overland erosion, sullies, bank erosion, and
mass erosion. Sinks include on-slope, floodplain or instream deposition, and reservoir
retention. However, the SDR model only focuses on overland erosion processes (Sharp
et al., 2020).

The sediment delivery module is a spatially explicit model working at the
spatial resolution of the input digital elevation model raster. The model first computes
the annual soil loss from each pixel, then computes the sediment delivery ratio (SDR),
the proportion of soil loss reaching the stream. Once sediment reaches the stream, it
ends up at the catchment outlet; thus, no in-stream processes are modeled (Borselli,

Cassi, and Torri, 2008), as illustrated in Figure 2.5.
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Figure 2.5 Conceptual approach applied in the sediment delivery ratio model.

The amount of annual soil loss on pixel i, A; is given by the Revised Universal

Soil Loss Equation (RUSLE) by Renard and Freimund (1994) as:
A = RKLS;"C.*P, (2.18)

Where A; is annual soil erosion (ton. hat yrl),

R; is rainfall erosivity (MJ mm ha™ h' y!),

K; is soil erodibility (ton*ha*hr (MJ-ha*mm)?),

LS; is slope length-gradient factor,

C; is crop-management factor, and

P; is a support practice factor for erosion control.

The LS; factor is given from the method for the two=-dimension surface as:

LS _ (Ai-in"'DZ)m”'A/@r:] (2 19)
P T ez e 02 13m

Where
S, the slope factor for grid cell calculated as a function of slope radians 0
S =108 ® sin@+ 0.03, where @< 9%,
S =168 ®sin@-0.50, where 0= 9%.
Where, A, is the contributing area (m?) at the inlet of a grid cell which is computed

from the d-infinity flow direction method, D is the grid cell linear dimension x; = / sin
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Q| + [ cos Q; | lwhere @ is the aspect direction for grid cell;, m is the RUSLE length
exponent factor.

To avoid overestimation of the LS factor in heterogeneous landscapes, long
slope lengths are capped to a value of 333 m. The value of m, the length exponent
of LS factor, is based on the classical USLE, as discussed in as:

m = 0.2 m = 0.2 for slope <= 1%,

m =0.3m = 0.3 for l % < slope <= 3.5%,

m = 0.4 m = 0.4 for 3.5 % < slope <= 5%,

m = 0.5m = 0.5 for 5 % < slope <= 9%,

m = R/(1+R) where B = sin 6/0.0986 / (3 sin 00.8+0.56) for slope >= 9%.

Meanwhile, sediment delivery ratio (SDR) is estimated using connectivity index
(IC) that reflecting the attributes of each LULC based on the work by Borselli, Cassi,
and Torri (2008) as:

D,
IC =log, ( D—dp ) (2.20)

The sediment delivery ratio (SDR) for each pixel is a function of the upslope

area (D,,) and downslope flow path. D, is the upslope component defined as:

D,,=CsVA (2.21)
Where, CS is the average C factor of the upslope contributing area, S is the average

slope gradient of the upslope contributing area and \/Z is the upslope contributing
area (m?). Meanwhile, the downslope contributing area (D) is delineated from the

equation type, D-infinity flow algorithm. The Dy, is given by:

d;
Dy = D p (2.22)
Where d; is the length of the flow path along with the i cell according to the steepest

downslope direction (m), C; and S; are the C factor and the slope gradient of the ith
cell, respectively. Again, the downslope flow path is determined by the D=infinity flow
algorithm.

The SDR ratio for a pixel i is then derived from the connectivity index IC (Vigiak,

Borselli, Newham, Mclnnes, and Roberts, 2012) as:
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SDR

max

IC,IC, (2.23)
k

I+exp(

Where, SDR ., is the maximum theoretical SDR, set to an average value of 0.8 and

IC, and k are calibration parameters that define the shape of the SDR - relationship

increasing function. The effect of IC, and k on the SDR is illustrated in Figure 2.6.
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Source: Sharp et al. (2020).

Figure 2.6 Relationship between the connectivity index IC and the SDR.

Sediment Export: The sediment export from a given pixel i £; (units: tons -ha’
yr'!), is the amount of sediment eroded from that pixel that reaches the stream.

Sediment export is given by:
E; = rusle;” SDR; (2.24)
The total catchment sediment export £ (units: tons -ha™ yr?) is given by:
E=DE (2.25)

E is the value used for calibration/validation purposes, in combination with

other sediment sources, if data are available.
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2.4.1 Application of Sediment Delivery Ratio model of INVEST software

Arunyawat and Shrestha (2016) analyzed the impact of change in land
use on ecosystem services using the INVEST model to map and quantify a set of
ecosystem services, namely sediment retention, water yield, carbon stock, and habitat
quality. Also, assessing the changes in land use from 1989 to 2013 and their impact on
overall ecosystem services were using GIS in Northern Thailand. The results confirmed
that rubber plantation cultivation and built-up areas resulting in reduced forest cover.
Moreover, a general decrease in ecosystem services for the study period in the
watershed, particularly a negative effect on ecosystem services, was observed in
agricultural areas.

Similarly, Shicheng, Zhaofeng, and Yili (2017) estimated crop cover
reconstruction and its effects on sediment retention in the Tibetan Plateau by using
historical population data as a proxy in the provincial cropland areas of Qinghai
province, the Tibet Autonomous Region for 1900, 1930, and 1950. For the 20" century,
the provincial cropland areas were converted into crop cover datasets with a 1 x 1 km
resolution. The sediment delivery ratio module of the INVEST model assessed changes
in sediment retention due to crop cover change. The result found that sediment export
increased rapidly in the Minhe autonomous county of the Yellow River-Huangshui River
Valley (YHRV) and in the Nianchu River and Lhasa River basins, the Yarlung Zangbo
River and its two tributaries valley (YRTT), which means that sediment retention clearly
decreased in these regions over this period in 1950-1980.

Also, the model provides scientific support for conservation planning,
development planning, or restoration activities. For example, Srichaichana, Trisurat,
and Ongsomwang (2019) assessed ecosystem services as water yield and sediment
retention using the INVEST model. The results found that the optimum water yield and
sediment retention ecosystem services in Klong U-Tapao watershed, Songkhla,
Thailand was Scenario II: Forest conservation and prevention between 2018 and 2024.

Bogdan, Patru-Stupariu, and Zaharia (2016) assessed The link between the
sediment retention service and land cover change. The analysis concentrates on a
mountain landscape from the upper catchment of Raul Targului, the lezer Mountains,

in the Romanian Carpathians. Three scenarios (Business-as-Usual, Conservation, and
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Development) were developed to compare the supply of sediment retention services
using the INVEST model. Results show the highest increase for the Conservation
scenario and the highest decrease in the sediment retention service for the
Development scenario.

Furthermore, the explicit spatial approach to ES modeling enables an
informed discussion with stakeholders and may be used to implement, monitor
effectively, and communicate future planning policies similar to Pedro, Clément,
Harold, Mélodie, and Damien (2016) examined multiple ES provided by the landscape
of the Urban Community of Bordeaux (CUB), in France, between 1990 and 2006. The
selected ES were (1) food provisioning, (2) flood regulation: water yield, (3) water
quality: nutrient retention, (4) erosion regulation: sediment retention, (5) recreation, (6)
climate regulation and (7) biodiversity, and were computed using a spatially explicit
modeling approach with INVEST and own-produced models. All ES, except erosion
regulation, have decreased as a consequence of LUCC. The results also suggest that
LUCC change decisions that do not consider policy measures for ES protection tend

to generate land-use patterns providing lower levels of ES.

2.5 Nutrient Delivery Ratio model of INVEST software suite

The nutrient delivery and retention model provide information for non-point
source pollutants from water flows over the landscape carrying pollutants from
surfaces into streams, rivers, lakes, and the ocean. The model was designed for
nutrients (nitrogen and phosphorous) and used a simple mass balance approach,
describing the movement of a mass of nutrients through space (Figure 2.7).

The model represents the long-term, steady-state flow of nutrients through
empirical relationships. The nutrient loads are determined based on a map of land
use/land cover (LULC) and associated loading rates. Nutrient loads can be divided into
sediment-bound and dissolved parts, transported through surface and subsurface flow,
respectively, stopping when they reach a stream. In a second step, delivery factors are
computed for each pixel based on the properties of pixels belonging to the same flow

path (particularly their slope and retention efficiency of the land use). At the
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watershed/sub-watershed outlet, the nutrient export is computed as the sum of the

pixel-level contributions (Sharp et al., 2020).
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Source: Sharp et al. (2020).

Figure 2.7 Conceptual representation of the NDR model.

From Figure 2.7, each pixel i is characterized by its nutrient load, (oad;, and
nutrient delivery ratio (NDR), which is a function of the upslope area, and downslope
flow path. Pixel-level export is computed based on these two factors, and the nutrient
export at the watershed level is the sum of pixel-level nutrient exports.

Nutrient Loads: Loads are the sources of nutrients associated with each pixel
of the landscape. Consistent with the export coefficient literature, load values for each
LULC class are derived from empirical measures of nutrient export (e.g., nutrient export
running off urban areas, crops, etc.).

Next, each pixel’s load is modified to account for the local runoff potential.
The LULC-based loads defined above are averages for the region, but each pixel’s
contribution will depend on the amount of runoff transporting nutrients. As a simple

approximation, the loads can be modified as follows:

modified.load, ;= load,;"RPI,; (2.26)

Where RPI; is the runoff potential index on pixel i. It is defined as RPl, = RP;, / RP,v,

where RP; is the nutrient runoff proxy for the runoff on pixel i, and RP,v is the average
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RP over the raster. In practice, the raster RP is defined either as a quick flow index (e.g.,
from the INVEST Seasonal Water Yield model) or as annual precipitation.

For each pixel, modified loads can be divided into sediment-bound and
dissolved nutrient portions. Conceptually, the former represents nutrients transported
by surface or shallow subsurface runoff, while the latter represents nutrients
transported by groundwater. Because phosphorus particles are usually sediment-
bound and less likely to be transported via subsurface flow, the model uses the
subsurface option only for nitrogen. The ratio between these two nutrient sources is
given by the parameter proportion subsurface n, which quantifies the ratio of

dissolved nutrients over the total amount of nutrients. For a pixel i:

load,s; = (1- proportion_subsurfoce/)'modﬁed.load_n[ (2.27)

l0ad,pe,¢; = proportion_subsurface *modified.load_n. (2.28)

If the value of proportion subsurface n is zero, it means that all nutrients are reaching
the stream via surface flow.

Nutrient Delivery: Nutrient delivery is based on the concept of nutrient delivery
ratio (NDR). The concept is similar to the risk-based index approaches that are popular
for nutrient modeling. However, it provides quantitative values of nutrient export (e.g.,
the proportion of the nutrient load that will reach the stream). Two delivery ratios are

computed, one for nutrient transported by surface flow and subsurface flow.

Pixel properties used
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. < > >
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Source: Sharp et al. (2020).

Figure 2.8 Conceptual representation of nutrient delivery in the model.
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Figure 2.8, if the user chooses to represent subsurface flow, the load on each
pixel, load n, is divided into two parts. The total nutrient export is the sum of the
surface and subsurface contributions.

Surface NDR: The surface NDR is the product of a delivery factor, representing
the ability of downstream pixels to transport nutrients without retention, and a

topographic index, representing the position on the landscape. For a pixel i:

-1
IC-IC,
NDR; = NDRy, (1+exp ( - 0)) (2.29)

Where ICyand k are calibration parameters, IC; is a topographic index, and NDR,,, is the

proportion of a nutrient not retained by downstream pixels (irrespective of the pixel’s
position on the landscape). The details on the computation of each factor are shown
below.

NDR,; is based on the maximum retention efficiency of the land between a

pixel and the stream (downslope path, in Figure 2.7):
NDRy,; = 1-eff, (2.30)

Moving along a flow path, the algorithm computes the additional retention
provided by each pixel, taking into account the total distance traveled across each
LULC type. Each additional pixel from the same LULC type will contribute a smaller
value to the total retention until the maximum retention efficiency for the given LULC

is reached (Figure 7). The total retention is capped by the maximum retention value

that LULC types along the flow path can provide, eﬁ‘LULC_. In mathematical terms:

erCLULC/,'(J‘S/) if down; is a stream pixel
ejfi - E dOW”i-S/ +ef'fLULCi.(1_5i) U(eﬁ(LULC,->eﬂdown,' (2.31)
eﬁ( down; Otherwise

Where:

L] eﬁ‘;jown' is the effective downstream retention on the pixel directly
!

downstream from i
L] eﬁ‘LULC is the maximum retention efficiency that LULC type i can reach, and

® s, is the step factor defined as:
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_5lfdown
5; = exp- | - (2.32)
LULG;

With:
° l,down is the length of the flow path from pixel / to its downstream
neighbor
® (yc Isthe LULC retention length of the land cover type on pixel /
In equation (2.32), factor 5 is based on the assumption that maximum efficiency is
reached when 99% of its value is reached (assumption due to the exponential form

of the efficiency function, which implies that the maximum value cannot be reached

with a finite flow path length) as shown in Figure 2.9.

Retention
efficiency

erfm-r.t

off s e

| Distance from the
' 2 ‘ a : & _ stream (no. of pixels)

> -
Brass oresc

Figure 2.9 Illustration of the calculation of the retention efficiency along a simple flow

path.

Figure 2.9 shows that each additional pixel of the grass LULC contributes to a
smaller percentage toward the maximum efficiency provided by grass. The shape of
the exponential curves is determined by the maximum efficiency and retention length.

IC, the index of connectivity, represents the hydrological connectivity, i.e., how
likely nutrient on a pixel is likely to reach the stream. In this model, /C is a function of

topography only:

IC = log,, (—”) (2.33)
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Where:
® D,=SVA and,
® Dy= Z/ﬁ
5i
where Dup:§ is the average slope gradient of the upslope contributing area (m/m), A
is the upslope contributing area (m?); d; is the length of the flow path along with the
it" cell according to the steepest downslope direction (m) (see details in sediment
model), and S; is the slope gradient of the it cell, respectively.
Subsurface NDR: The expression for the subsurface NDR is a simple exponential

decay with distance to stream, plateauing at the value corresponding to the user-

defined maximum subsurface nutrient retention:

5
(2.34)
NDRsubs,i = J_Qﬁ(subs (]—e(sub5>

Where:

® off ,. isthe maximum nutrient retention efficiency that can be reached
through subsurface flow (i.e., retention due to biochemical degradation in
soils),

® [ .. Isthe subsurface flow retention length, i.e., the distance after which

it can be assumed that soil retains nutrient at its maximum capacity,

® [ is the distance from the pixel to the stream.
Nutrient export: Nutrient export from each pixel / is calculated as the product

of the load and the NDR:

*NDR (2.35)

subs,i

xexpi = loadswﬁ,'NDRsu,ﬁ, +load5ub5),

Total nutrient at the outlet of each user-defined watershed is the sum of the

contributions from all pixels within that watershed:
Xexpfof = erxp/, (2.36)

2.5.1 Application of Nutrient Delivery Ratio model of InVEST software
Redhead et al. (2018) found that the INVEST model can provide valuable
information on nutrient fluxes to decision-makers, especially relative differences

among catchments. The model performed well regarding the relative magnitude of
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nutrient export among catchments (best Spearman’s rank correlation for N and P,
respectively: 0.81 and 0.88). However, wide variation among catchments in the model’s
accuracy and absolute values of nutrient exports frequently showed a high percentage
of differences between modeled and empirically derived exports (best median
absolute percentage difference for N and P, respectively: +64%, +44%). The model
also showed a high degree of sensitivity to nutrient loads and hydrologic routing input
parameters, and these sensitivities varied among catchments.

Mei, Kong, Ke, and Yang (2017) explored the impacts of implementing a
strict cropland protection policy on ecological lands and the ecosystem services,
specifically water purification, for the city of Wuhan, and explored the critical
mechanism of these impacts. The INVEST model was used to estimate the amount of
nutrient export from land use under two different scenarios and analyze the main
factors for the impacts of policy on ecosystem service of water purification. The results
show that the scenario with strict cropland protection (CP) will lead to more ecological
lands losses than those without cropland protection (NCP). Besides, the nitrogen export
in the CP scenario is an average of 8.6% higher than the NCP scenario, which indicates
that the Cropland Balance Policy has a negative impact on water purification. Also, the
nitrogen export is transported mainly by subsurface, which is 1.73 times higher than
the surface averaged over the two scenarios.

Salata, Garnero, Barbieri, and Giaimo (2017) investigated the nutrient
retention model through its spatial distribution and quantitative value. The model was
examined by testing its response to changes in input parameters: (1) the digital terrain
elevation model; and (2) different LULC attribute configurations. Besides, the model
increased attention to specific ES models that use water runoff as a proxy of nutrient
delivery. This study shows that many factors, including the DEM characteristics and its
interaction with LULC, highly influence the spatial distribution of biophysical values.
The biophysical value of ES is still affected by a high degree of uncertainty which
encourages an expert field campaign as the only solution to use ES mapping for a
reculative land use framework.

Gurung, Yang, and Fang (2018) assessed ecosystem services from the

forestry-based reclamation of surface-mined areas in the North Fork, the Kentucky River
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watershed. The result from InVEST model, namely carbon storage and sequestration,
water yield and reservoir hydropower production, sediment delivery ratio (SDR), and
nutrient delivery ratio (NDR), indicate that barren and grassland land covers provide
less carbon storage, yield more water, and export more sediments and nutrients than
forests.

Yang et al. (2019) simulated the nitrogen and phosphorus exports of the
Bosten Lake basin using the INVEST model. The spatial and temporal dynamics of N
and P exports and the response of N and P exports to land use and precipitation
change were analyzed between 2000 and 2015. The results show that N and P exports
increased from 2000 to 2015, and the N and P exports are primarily distributed around
Bosten Lake. Cultivated land, built-up areas, and grassland greatly impacted the N and
P exports, while other land use types had fewer effects. The high precipitation areas
with small exports of N and P are mainly distributed in mountain areas. In contrast,
small precipitation areas with significant exports of N and P are distributed in plains

where the cultivated land and built-up areas are intensive.



CHAPTER IlI
RESEARCH PROCEDURES

The research procedures comprise data collection and preparation and six
significant components. Summary of collected and prepared data and details of
methodology including (1) data collection and preparation, (2) LULC evaluation and its
change, (3) land demand estimation of three different scenarios, (4) LULC prediction
of three different scenarios, (5) ecosystem services assessment: sediment and nutrient
export, and (6) optimum LULC allocation to minimize sediment and nutrient export

are described in this chapter.

3.1 Data collection and preparation

The required input data for data analysis included GIS data, remotely sensed
data, and relevant data were collected and prepared for (1) LULC classification, (2)
land requirement estimation of three scenarios, (3) driving factors, (4) the models of
sediment and nutrient delivery ratio, and (5) the model calibration and validation. The

list of data collection and preparation are summarized in Table 3.1.

Table 3.1 List of data collection and preparation for analysis and modeling in the

study.
Data Data collection Data Preparation Source Component
GIS LULC data in 2009 and - LDD (2009, 1
2015 2015)
Watershed boundary Raster RID (2018) 1,2,3and 4
SRTM DEM - USGS 3and 4
Elevation (m) Create from SRTM - 3
DEM
Slope (%) Create from SRTM - 3
DEM
Soil drainage (m) Raster LDD 3
Distance to stream (m) Euclidean distance DEQP 3

Distance to waterbody (m)  Euclidean distance DEQP 3
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Data Data collection Data Preparation Source Component
Distance to village (m) Euclidean distance LDD 3
Distance to road (m) Euclidean distance LDD 3
Distance to fault (m) Euclidean distance DMR 3
Income per capita at sub- Calculation from NSO 3
district level income
Population density at sub-  Calculation from DOPA 3
district level personal income by
sub-district area
Slope length gradient factor  Create from SRTM - 4
(LS-factor) calculation DEM
Soil series and Geology unit  Soil erodibility, LDD (2000) 4
Rasterization
Remote Landsat 5 TM 2009 Layer stacking images ~ USGS 1
Sensing Landsat 8 OLI 2019 Subset images
Google Image 2009 and - Google
2010 Earth (2009)
Secondary  Agri-Map Modified based on LDD (2017, 2
data LULC types, Overlay 2018)
by Updating
Annual rainfall IDW interpolation TMD (2020) 3and 4
Monthly rainfall Rainfall erosivity index — Wischmeier 4
calculation and Smith
(1978)
C-factor and P-factor Modified based on LDD (2000) 4
LULC types
Predictive rainfall IDW interpolation NCAR (2020) 4
Nitrogen (N) loads - MRC (2017) a4
Phosphorus (P) loads
Nitrogen retention - MRC (2017) 4
efficiency (eff n)
Phosphorus retention - MRC (2017) 4
efficiency (eff_p)
Total suspended solids Convert to tons/yr. PCD (2018) 4
(TSS) Convert to kg/yr.
Total phosphorus (TP) Convert to kg/yr.
Total nitrogen (TN)
Annual surface runoff Modified based on the  RID (2019) 4

year of rainfall data

Note: DEQP: Department of Environmental Quality Promotion; DMR: Department of Mineral Resources; DOPA: Department of
Provincial Administration; LDD: Land Development Department; MRC: Mekong River Commission; NCAR: National Center for
Atmospheric Research; NSO: National Statistical Office of Thailand; PCD: Pollution Control Department; RID: Royal Irrigation
Department; TMD: Thai Meteorological Department; USGS: United States Geological Survey.
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3.2 Research Methodology
The overview framework of research methodology and linkage is schematically
illustrated in Figure 3.1. It consists of data collection and preparation and five main
components, which include: (1) LULC evaluation and its change, (2) Land requirement
estimation of three different scenarios, (3) LULC prediction of three different scenarios,
(4) Ecosystem services assessment: sediment and nutrient exports, and (5) Optimum
LULC allocation to minimize sediment and nutrient export. The information on each
component is separately summarized in the following sections.
3.3.1 LULC evaluation and its change

Landsat 5 TM data in 2009 and Landsat OLI data in 2019 were
downloaded from the USGS website (www.earthexplorer.usgs.gov) for LULC
classification using the support vector machines (SVM) algorithm. Then, the thematic
accuracy of LULC maps in 2009 and 2019 was assessed using the high spatial resolution
imagery from the Google Earth in 2009, 2010 and field survey in 2020, respectively.
Finally, LULC maps in 2009 and 2019 were applied to detect LULC change using a
post-classification comparison algorithm (Figure 3.2). The final LULC maps in 2009 and
2019 are further applied for LULC change prediction between 2020 and 2029 in three
different scenarios using the CLUE-S model in the next component.

The main tasks under this component include (1) LULC Classification using
SVM algorithms, (2) accuracy assessment, and (3) LULC change detection, which are

summarized in the following sections.
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Data collection and preparation

v

Component 1: LULC evaluation and its change

v

Component 2: Land requirement estimation of three different scenarios

in Model

v

Component 5: Optimum LULC allocation to minimize sediment and nutrient export

- Input - Process - Output

Figure 3.1 Overview of the research framework.
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(1) LULC Classification using SVM algorithms.

Two datasets of training areas based on ten LULC types for two Landsat
images were separately prepared to define an optimal hyperplane for LULC
classification using SVM algorithms of EnMap-Box software. The optimized model
parameter from the EnMap-Box for both images provided by grid search, namely
Gaussian radial basis function kernel, which required the gramma (Y) that defines the
width of Gaussian and the regularization parameter (C), which controls the trade-off
between the maximization of the margin between the training data vectors and the
decision boundary plus the penalization of training errors (Van der Linden et al., 2014).
In this study, the Y was 0.01 in 2009 and 0.1 in 2019, and C was 10. The standard
product of scaled reflectance of Landsat 5-TM at Level 2: band 1, 2, 3, 4, 5, 7, and
additional bands (Normalized Difference Vegetation Index (NDVI), Normalized
Difference Moisture Index (NDMI), Soil Adjusted Vegetation Index (SAVI), Modified
Normalized Difference Wetness Index (MNDWI), and DEM) were applied to classify LULC
in 2009, while standard product scaled reflectance of Landsat 8-OLI at Level 2: band
2,3,4,5, 6,7, and additional bands (NDVI, NDMI, SAVI, MNDWI, and DEM) were used to
classify LULC in 2019. These additional bands can enhance specific features in the
study area. For example, NDVI and SAVI enhance vegetation features, NDMI and MNDWI

enhance wetness regimes. DEM stratifies geographical regions for specific LULC types.



Landsat-5 TM in 2009 Landsat- 8 OLI in 2019
Define training area of LULC Define training area of LULC
v v
SVM kernel: Gaussian radial basis function SVM kernel: Gaussian radial basis function

v v

LULC classification by support vector machines

essment: Overall accfcy aniKappa hat coefficien

R Input 1 1 Process e Output

Figure 3.2 Schematic workflow of LULC evaluation and its change.

In this study, the LULC classification system was modified from the
standard land use classification system of the Land Development Department
included (1) urban and built-up area (UR), (2) paddy field (PD), (3) field crop (FQ), (4)
para rubber (RB), (5) perennial trees and orchards (PO), (6) forest land (FO), (7) water
body (WB), and (8) rangeland (RL), (9) wetland (WL), and (10) miscellaneous land (ML).

Besides, ten LULC types were adapted subject to the ecosystem service
value of each LULC type which was modified from Mamat, Halik, and Rouzi (2018) for

Scenario Il. The description of the LULC type was summarized in Table 3.2.
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Table 3.2 Description of LULC classification system.

Code  Modified LULC type for SVM Modified LULC type for ESV LDD land use class

1 Urban and built-up area Construction land Urban and built-up area
2 Paddy field Cultivated land Paddy field

3 Field crop Cultivated land Field crops

4 Para rubber Forest land Para rubber

5 Perennial trees and orchards Forest land Mixed perennial trees and

orchards which exclude
para rubber

6 Forest land Forest land Natural forest and man-
made forest

7 Water body Water body River, canal, natural water
resource, reservoir, pond,

irrigation canal

8 Rangeland Rangeland Scrub, grass, and pasture
9 Wetland Wetland Marsh and swamp
10 Miscellaneous land Unused land Bush fallow, mine, laterite

pit, soil pit, garbage dump,

landfill, rock outcrop

(2) Accuracy assessment

The preliminary LULC maps in 2009 and 2019 were assessed overall
accuracy and Kappa hat coefficient based on reference LULC data from very high
spatial resolution image of Google Earth in 2009/2010 and field survey in 2020,
respectively. In this study, the classified LULC maps in 2009 and 2019 were assessed
the accuracy with several sampling points based on multinomial distribution and
allocated sample points using the stratified random sampling technique as suggested
by Congalton and Green (2009). The number of sample points for accuracy assessment
was 788, with a confidence level of 95 percent.

(3) LULC change detection

Final LULC maps in 2009 and 2019 were applied to detect LULC change
using a post-classification comparison algorithm to describe from-to-change
information among LULC classes between 2009 and 2019, as suggested by Jensen

(2015).
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3.3.2 Land requirement estimation of three different scenarios

In this study, the land requirement was estimated corresponding to three
different scenarios: Scenario | (Trend of LULC evolution), Scenario Il (Maximization of
ecosystem service values), and Scenario lll (Economic crop zonation), to predict LULC
between 2020 and 2029. The explanations of the land requirement for each scenario
are defined as follows.

Land requirement estimation for Scenario I. The land requirements
between 2020 and 2029 were calculated based on the annual change rate of LULC
between 2009 and 2019 from the transition area matrix using the Markov Chain model.
The Markov stochastic process generally describes the probability of change from one
state to another, i.e., from one land use type to another, using a transition probability
matrix. In this study, the transition probability matrix of land use change derived from
LULC in 2009 and 2019, which applied to provide estimations of the probability that a
land cover type in each pixel at the state / in T,, changes to another land cover type
or remain in the same class in the state j in T,,; (Zhang et al,, 2011). The transition

probability matrix is:

Poo Po; Pom
P P eoe P

- I\ Y. (3.1)
’Dml ’Dm2 ’Dmm

Where, P; is the probability of transition from one land use to another, m is the type
within land use of the area studied, P; values are within the range between zero and
one.

Land requirement estimation for Scenario Il. The allocated LULC areas
between 2020 and 2029 were performed by linear programming with the simplex
method of What’s Best software under MS-Excel software. This scenario applied a
simple benefit transfer method to estimate economic values for ecosystem service
values (Costanza et al., 1997). Thus, the ecosystem service value of each LULC type
(USD/ha/year) by Mamat, Halik, and Rouzi (2018) was used as the coefficient values for
ESV estimation (Table 3.3). In this study, the objective function aimed to maximize

ecosystem service values subject to constraints that define the possible values that
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the variables of a linear programlnming problem may take in each LULC type of Scenario

Table 3.3 Coefficient value for different LULC types for ESV estimation.

Ecosystem service value of each LULC type (USD/ha/year)

Ecosystem Ecosystem
services category _ services function Constructi Cultivate Forest Water Range Wet Unused
on land d land land body land land land
1. Regulating 1.1 Gas regulation 0.0 4.7 299.4 0.0 104.0 268.9 4.2
services 1.2 Climate 0.0 133.0 282.1 68.7 108.0  2,554.7 9.0
regulation
1.3 Waste 0.0 245.0 119.2 2,719.0 91.5 2,716.0 18.0
treatment
2. Supporting 2.1 Soil formation 0.0 218.1 278.6 1.5 155.0 2555 11.8
services 2.2 Biodiversity 0.0 106.1 312.6 372.0 130.0 3735 27.7
protection
3. Provision 3.1 Water supply 0.0 89.6 283.5 3,047.7 105.0 2,315.6 4.8
services 3.2 Food 0.0 149.4 229 14.9 29.8 44.8 1.4
production
3.3 Raw materials 0.0 14.9 206.5 1.5 25.0 10.5 2.8
4. Cultural 4.1 Recreation 12.7 1.5 144.2 648.4 60.3 829.2 16.6
services and culture
Total 12.7 1,032.3 1,949.0  6,873.7 808.6 9,368.7 96.3

Source: Modified from Mamat, Halik, and Rouzi (2018).

The objective function and constraints for scenario Il were solved to maximize

ecosystem service values, as shown in Equation 3.2.

Zuex = [1270¢) + 1,032.3(X,) + 1,032.3(X;) + 1,949.0X,) + 1,949.0(Xs) * 2
3.2
1,949.0(X,) + 6,873.70X;) + 808.6(X5) + 9,368.7(Xs) + 96.3(X;)]

Where Z,,., is the objective function of scenario Il for ESV maximization, X; is urban
and built-up area (UR), X, is paddy field (PD), X3 is field crop (FC), X; is para rubber (RP),
X is perennial trees and orchards (PO) Xj is forest land (FO), X7 is water body (WB), X;
is rangeland (RL), X, is wetland (WL), and X, is miscellaneous land (ML). The decision
variables are the set of quantities determined to solve the problem and take on a
range of values within limits assigned by the constraints.

Land requirement estimation for Scenario lll. The land requirements

between 2020 and 2029 of Scenario Ill were estimated based on areas of suitability
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classes for economic crops by the LDD and Markov Chain model. In this study, areas
of three suitability classes (S1, S2, and S3) of nine economic crops (Table 3.4 and Figure
3.3) were combined according to the modified LULC classification system and then
applied to estimate the land requirement for each LULC type. Meanwhile, land
requirements for non-agricultural LULC types include urban and built-up areas, forest
land, waterbody, rangeland, wetland, and miscellaneous land, were first estimated
based on the Markov Chain model. Then, those areas were updated by the land

requirement of regrouped economic crops.

Table 3.4 The economic crop zonation by LDD.

Code Economic crop types Land suitability zonation
1 Para rubber S1 S2 S3 N
2 Pineapple S1 S2 S3 N
3 Rice S1 S2 S3 N
4 Corn 1 S2 S3 N
5 Longan S1 S2 S3 N
6 Cassava - S2 S3 N
7 Sugarcane 3 S2 S3 N
8 Arabica s S2 S3 N
9 Robusta - - S3 N

Note: S1: high suitability area, S2: modulate suitability area, S3: low suitability area; and N: Not suitable
Source: Land Development Department (2017, 2018).

The derived results of three different Scenarios were applied for LULC
prediction between 2020 and 2029 in the next component. The schematic workflow

of land demand estimation of three different scenarios is displayed in Figure 3.4.
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Figure 3.3 Spatial distribution of economic crop zonation in Upper Ing watershed.
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Land requirement estimation for Scenario | (Trend of LULC evolution)

Land requirement estimation for Scenario Il (Maximization of ecosystem service values)
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Figure 3.4 Schematic workflow of land demand estimation of three different scenarios.
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3.3.3 LULC prediction of three different scenarios

The required parameters for the CLUE-S model include (1) spatial policies
and restrictions, (2) land-use type-specific conversion setting, which includes
conversion matrix and elasticity of LULC change, (3) land requirement which derives
from the previous component in three different scenarios, and (4) LULC type location
preference (driving factors). LULC type location preference according to driving force
on LULC change was identified by performing logistic regression analysis. The driving
factors include physical (soil drainage, distance to stream, distance to waterbody,
distance to village, slope, distance to road, distance to fault, annual rainfall, elevation),
and socio-economic data (income per capita and population density at sub-district
level), were modified based on lamchuen and Thepwong (2020). In this study, the
multicollinearity test was examined using the variance inflation factor (VIF) value to
prevent the correlation among driving factors. The general rule of thumb, the VIF
values should not exceed 10 (Traore and Watanabe, 2017; Kamwi et al., 2018). Then,
logistic regression analysis proceeded to identify the significant driving factors for
specific LULC type allocation.

The dynamics of LULC change between 2020 and 2029 were simulated
under the CLUE-S model (Figure 3.5).

LULC conversion (Z)

| o4 \;\ LULC 2019

T
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Land requirements of
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LULC prediction
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by CLUE-S Model

LULC type location
preference
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]

Input
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Figure 3.5 Schematic workflow of LULC Prediction of three different scenarios.
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3.3.4 Ecosystem service assessment: Sediment and nutrient export

Under this component, the base year LULC in 2019 and the predicted
LULC between 2020 and 2029 of three different scenarios as primary input data were
applied to estimate sediment and nutrient exports based on the required data and
parameters. In practice, the sediment delivery ratio (SDR) model and nutrient delivery
ratio (NDR) model under the InVEST software Version 3.8.9 were applied to estimate
sediment and nutrient exports over the study period of three different scenarios.
3.3.4.1 Sediment export estimation

The sediment export is the amount of sediment eroded in the
watershed from overland sources and delivered to the stream. In principle, the
sediment delivery ratio (SDR) model in the INVEST toolset is firstly applied to calculate
the amount of annual soil loss using the Revised Universal Soil Loss Equation (RUSLE).
The schematic workflow of sediment export estimation is displayed in Figure 3.6. The
required factors for soil erosion estimation are summarized below.

(1) Digital elevation model (DEM). DEM was downloaded from
the USGS web service (https://earthexplorer.usgs.gov), filled up the holes, and cut
outlier data using the Hydrology tool in ESRI ArcGIS as shown in Figure 3.7.

(2) Rainfall erosivity (R). The rainfall erosivity factor was
calculated based on monthly rainfall data, as suggested by Wischmeier and Smith
(1978) using Eg. 3.3. Rainfall data collected from the Thailand Meteorological
Department (TMD, 2020) were used to calculate the R factor for the calibration years
(2011 to 2015) and validation years (2016 to 2018) of the SDR model. Besides, the
predicted rainfall data between 2020 and 2029 from the National Center for
Atmospheric Research (NCAR, 2020) were used to compute the R for the SDR of three
different scenarios. The rainfall erosivity factor for calibration years, validation years,
the base year, and predicted years of the SDR model are shown in Figure 3.8 and Table

3.5.
(1 51 (—P’Z> 008188)
.5 log -0.
R= i1=21 1.735 x10 1o\ P (3.3)

Where R is the rainfall erosivity factor (MJ mm ha™ h' y!), P. is the monthly rainfall

(mm), and P is the annual rainfall (mm).
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(3) Soil erodibility (K). Soil erodibility was mainly applied from
standard values of LDD (2000), which were extracted from soil series data, whereas its
value under slope complex was extracted from the geology unit as a summary in
Tables 3.6 and 3.7, and Figure 3.7.

(4) Slope length gradient factor (LS). The LS factor was
calculated from the Digital Elevation Model (DEM) with a method developed by
Desmet and Desmet and Govers (1996), as mentioned in Section 2.4.

(5) Land use and land cover (LULC). LULC data for calibration
year (2011 to 2015), LULC data for validation (2016 to 2018), LULC 2019 for the base
year, and LULC data for three scenarios (2020 to 2029) were used as input data to
assign C and P factor values based on the standard assisnment of LDD in 2000. In
practice, values of C and P factors were prepared as a biophysical table, as shown in

Table 3.8.
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Figure 3.6 Schematic workflow of sediment export estimation.
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Figure 3.8 The rainfall erosivity factor for sediment export estimation: Data from 2011
to 2015 for model calibration, data from 2016 to 2018 for model validation, data in
2019 for actual sediment export estimation, and data from 2020 to 2029 for sediment

export estimation under three scenarios.
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Table 3.5 Basic statistics of rainfall erosivity factor between 2011 and 2019.
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Rainfall erosivity (MJ mm ha™ h™ y?)

Year
MIN MAX MEAN RANGE STD

2011 1,513.31 4,815.35 2,821.01 3,302.04 1,290.48
2012 1,797.22 3,716.74 2,415.87 1,919.52 805.14
2013 1,127.41 3,936.73 2,079.30 2,809.32 1,094.11
2014 1,254.66 3,305.54 1,827.60 2,050.88 849.18
2015 500.99 1,705.82 970.27 1,204.83 471.52
2016 1,005.97 3,264.81 1,930.66 2,258.83 926.72
2017 1,378.94 3,218.46 2,104.00 1,839.52 720.09
2018 1,347.06 3,467.88 2,027.64 2,120.82 855.87
2019 1,773.79 4,663.38 2,944.67 2,889.59 1,115.96

Table 3.6 Soil series and soil erodibility factor values.

Soil series

Erodibility factor value

Chaing Rai series

Hang Chat series

Hang Chat/Renu association
Hang Dong series

Lampang series

Mae Rim/Hang Chat Association
Mae Sai series

Nan series

Phan series

Phayao series

Phimai series

Pran Buri, mottle Variant

Tha Muang/Sanphaya Association
Tha Yang/Lat Ya Association

0.27
0.27
0.27
0.18
0.34
0.27
0.27
0.27
0.18
0.18
0.18
0.27
0.27
0.27

Source: LDD, 2000.



Table 3.7 Geology unit and soil erodibility factor values.
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Geology units

Erodibility factor value

Jurassic (J)

Jurassic- Cretaceous (JK)
Cretaceous (K)

Permian (P)

Quaternary Alluvium (Qa)
Quaternary (Qc)
Pleistocene (Qt)

Triassic (Trhh)

lsneous rock

0.15
0.27
0.27
0.15
0.19
0.27
0.27
0.27
0.30

Source: LDD, 2000.

Table 3.8 The values of the C and P factors corresponding to each LULC class in a

biophysical table.
LULC code  LULC type C factor of RUSLE P factor of RUSLE
1 Urban 0.000 0.000
2 Paddy field 0.280 0.100
3 Field crop 0.340 1.000
4 Para rubber 0.150 1.000
5 Perennial tree and orchard 0.150 1.000
6 Forest land 0.001 1.000
7 Water body 0.000 0.000
8 Rangeland 0.032 1.000
9 Wetland 0.000 0.000
10 Miscellaneous land 0.800 1.000

Source: LDD, 2000.

After that, the model calculates the sediment delivery ratio using

a connectivity index (IC), threshold flow accumulation, and maximum SDR to indicate

sediment retention. The SDR value was calculated as suggested by Borselli et al. (2008)

as:
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SDR

max

(/CO—/C /.) (3.4)
I+exp T

Where, SDR,,., is the maximum theoretical SDR, set to an average value of 0.8 (Vigiak

et al, 2012), and IC, and k are calibration parameters that define the shape of the SDR-
IC relationship (Sigmoid function).

Finally, the sediment reaches the stream at the outlet of the
Upper Ing watershed. The sediment export was calculated from the amount of annual

soil loss multiply by sediment delivery ratio as:

E,=RUSLE;-SDR; (3.5)

Where, E; is the sediment export erodes from any LULC.

In this study, the observed sediment data from 2011 to 2015 from
the PCD were applied to calibrate the SDR model based on the selected parameters,
namely, TFA, k,, and IC, as suggested by Vigiak et al. (2012). Meanwhile, the observed
sediment data from 2016 to 2018 from the PCD were applied to validate the model.
The coefficient of determination (R?) and percent bias (PBIAS) were applied for the

calibration and validation process using Equations 3.6 and 3.7, respectively.

Ziil(xs‘)?s ) (XO—)_(O) ?
[Z&(XS—)_(S)Z 2{‘:1()(0_)_(0)2]0_5

Where )_(O is the observed export value at station )_(o is the average of observed

e (3.6)

export value over the validation period, X is the simulated export value at station /,
and )_(5 is the average simulated export value over the validation period. i is the

number of stations, and n is the total count of the data pair. The value of R varies

from 0 to 1.
PBIAS = ZE (7 x100 (3.7)
2L ()
Where X7 is an observed export value at time step /, and X; simulated export value at
time step /.
The calibration process could be accepted if the values from two

different performance ratings were satisfied, as suggested by Moriasi et al. (2007) and
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Me, Abell, and Hamilton (2015) (Table 3.9). Then, the parameter can be used for the
validation process, actual sediment export estimation, and sediment export estimation

under three scenarios.

Table 3.9 Criteria for model performance.

Model Performance ratings
‘ Constituent
evaluation Unsatisfactory  Satisfactory Good Very good
SS
R < 0.5 0.5-0.6 0.6-0.7 0.7-1
TP, TN
SS > 55 30-55 15-30 <15
PBIAS
TP, TN > 70 40-70 25-40 <25

Note: SS: suspended sediment, TP: total phosphorus and TN: total nitrogen.
Source: Moriasi, Arnold, Liew, Bingner, Harmel, and Veith (2007) and Me, Abell, and Hamilton (2015).

3.3.4.2 Nutrient export estimation

Nutrient export is nutrient sources from watersheds and their
transport to the stream and end at the outlet. The nutrient delivery ratio (NDR) model
required a specific factor and parameter to run the model. Some factors in this model
were used the same as the SDR model, including DEM, LULC, TFA, and K,. Other
parameters, i.e., nitrogen and phosphorus loads, nutrient runoff proxy, maximum
retention efficiency, and critical length, were added. The schematic workflow of
nutrient export estimation is displayed in Figure 3.9. The required factors for nitrogen
export estimation are summarized below.

(1) Nutrient runoff proxy (RP). The nutrient runoff proxy is used
for calculating the runoff potential index. The runoff proxy was interpolated by inverse
distance weighted using annual precipitation between 2011 and 2019 (Table 3.10).
Annual rainfall was collected from five rain gauge stations surrounding the study area
from the Thailand Meteorological Department (TMD, 2020). In addition, the predicted
rainfall data between 2020 and 2029 from the National Center for Atmospheric
Research (NCAR, 2020) were used to obtain annual rainfall for the NDR of three
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different scenarios. The annual rainfall for calibration year, validation year, base year,

and predicted year of the NDR model are shown in Figure 3.10.
(2) Land use and land cover (LULC). LULC data represents the

influence of the nutrient delivery to the stream. LULC data were used as input data to

assign the nutrient loading for each LULC class (load n, load p), as a summary in Table

3.11.

Table 3.10 Basic statistics of annual rainfall between 2011 and 2019.

Annual Rainfall (mm.)

Year
MIN MAX MEAN RANGE STD

2011 1,398.90 2,042.60 1,761.70 643.70 275.08
2012 1,133.40 1,904.50 1,360.10 771.10 319.47
2013 1,053.20 2,141.50 1,323.54 1,088.30 459.56
2014 1,046.10 1,470.00 1,170.30 423.90 174.36
2015 814.80 1,350.80 1,030.86 536.00 212.76
2016 1,080.00 1,875.80 1,363.30 795.80 321.03
2017 1,205.30 2,244.70 1,531.90 1,039.40 415.34
2018 1,039.50 1,939.30 1,337.00 899.80 376.22
2019 712.40 1,275.00 1,047.80 562.60 22592

(3) Maximum retention efficiency (eff _n, eff_p). The maximum

retention efficiency indicates the proportion of the amount of nutrient retention by

vegetation. The value for each LULC class varied between zero and one (Table 3.11).

(4) Critical length (crit_len_n, crit_len_p). The distance that a

patch of LULC retains nutrients in its maximum capacity. The value of critical lengths

ranges from 10 to 300 meters (Mayer et al.,, 2007; Zhang et al., 2010). In this study, the

value was firstly set to pixel resolution, with a value of 30 meters (Table 3.11).

(5) Proportion subsurface (proportion_subsurface n, or p).

The proportion of dissolved nutrients that travels via surface and subsurface flow. This

study set the value to zero, which indicates that all nutrients are delivered via surface

flow (See Table 3.11).
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All of the values above were applied to the biophysical table. In
this study, load n, load p, eff n, eff p values were derived from the Mekong River
Commission (2017). Moreover, values of subsurface critical length and subsurface
maximum retention efficiency were assigned to zero because the proportion of the
nutrient was set to zero.

In the NDR model, the nutrient loads are defined based on the
LULC map and associated loading rates. Then, the model calculates LULC-based loads
and runoff potential index to approximate modified loads, which are divided into
sediment-bound (surface flow) and dissolved parts (subsurface flow). After that,
nutrient delivery is computed for surface NDR and subsurface NDR based on the
properties of pixels belonging to the same flow path (particularly their slope and
retention efficiency of the land use).

In this study, the model was computed for nutrients transported
by surface flow. The surface nutrient delivery ratio is the product of a delivery factor,
representing the ability of downstream pixels to transport nutrients without retention.
A topographic index represents the position on the landscape. The surface NDR value

was calculated as:

NDRy,

—/c,-lco) (3.8)

NDR, =
1+exp( e

Where, NDR,; is the proportion of a nutrient that is not retained by downstream pixels,
which is based on the maximum retention efficiency of the land between a pixel and
the stream, IC; is a topographic index, and /C, and k are calibration parameters that
define the shape of the NDR-IC relationship.

Finally, the total nutrient export at the outlet of the watershed is

estimated by-product of the load and the NDR as:

x_...=load uf iNDRgzi (3.9)

expi— S

Where, x,,,; is the nutrient export from any LULC.
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Model calibration and validation

Bio-physical data and parameters for calibration of NDR model

Watershed boundary

Digital Elevation Model

Critical Length of N and P Maximum retention efficiency of N and P

Subsurface Critical Length Subsurface Maximum Retention Efficiency
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Predicted LULC data between 2011 and 2018

Nutrient runoff proxy (RP) Observed data between 2011 and 2018
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v
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Critical Length of N and P Maximum retention efficiency of N and P
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Figure 3.9 Schematic workflow of nutrient export estimation.



Table 3.11 Biophysical table containing data related to nitrogen, phosphorus and requires values of nutrients corresponding to each LULC

class.

LULC

code LULC type load_n eff n crit_len_n proportion_subsurface_n load_p eff p crit_len_p proportion_subsurface_p
1 Urban 7.750 0.050 30.000 0.000 1.300 0.050 30.000 0.000
2 Paddy field 11.000 0.250 30.000 0.000 3.000 0.250 30.000 0.000
3 Field crop 11.000 0.250 30.000 0.000 3.000 0.250 30.000 0.000
a4 Para rubber 10.000 0.450 30.000 0.000 3.000 0.450 30.000 0.000
5 Perennial tree and orchard 10.000  0.450 30.000 0.000 3.000 0.450 30.000 0.000
6 Forest area 1.800 0.700 30.000 0.000 0.011 0.700 30.000 0.000
7 Waterbody 0.001 0.050 30.000 0.000 0.001 0.050 30.000 0.000
8 Rangeland 2.000 0.500 30.000 0.000 0.011 0.500 30.000 0.000
9 Wetland 2.000 0.800 30.000 0.000 0.050 0.800 30.000 0.000
10 Miscellaneous land 4.000 0.050 30.000 0.000 0.001 0.050 30.000 0.000

Source: Mekong River Commission (2017).

99
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2011 2012 2013

2014 2015 2016

Figure 3.10 The annual rainfall as runoff proxy factor of NDR model: Data from 2011
to 2015 for model calibration, data from 2016 to 2018 for model validation, data in
2019 for actual nutrient export estimation, and data from 2020 to 2029 for nutrient

export estimation under three scenarios.
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Figure 3.10 (Continued).

In this study, the observed nutrient (TN, TP) data from 2011 to
2015 from the PCD were applied to calibrate the NDR model based on the selected
parameters, namely load n, load p, eff n, eff p, crit len n, and crit len p as
suggested by Griffin et al. (2020). Meanwhile, the observed nutrient data from 2016 to
2018 from the PCD were applied to validate the model. The coefficient of
determination (R?) and percent bias (PBIAS) were applied for the calibration and
validation process using Equations 3.25 and 3.26, respectively.

Similar to the SDR model, the calibration process could be

accepted if the values from two different performance ratings were satisfied, as
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suggested by Moriasi et al. (2007) and Me, Abell, and Hamilton (2015) (see Table 3.9).
Then, the parameter can be used for the validation process, actual nutrient export
estimation, and nutrient export estimation under three scenarios.

3.3.5 Optimum LULC allocation to minimize sediment and nutrient export

To assess the state of change in ecosystem services, i.e., sediment and
nutrient export due to LULC change, the ecosystem services change index (ESCI) as
Equation 3.10 was applied to assess the ecosystem services states (ES) as proposed by
Leh, Matlock, Cummings, and Nalley (2013).

ESCURXJ-'ESHISXI-]

ESCl = l (3.10)

ESrisx;

Where, ESCI , is the Ecosystems Services Change Index of service X, ESCURXj and ESH,SXi
are the current and historic ecosystem service state values of service X at times j and
i, respectively.

In this study, sediment and nutrient export ecosystem service
values were assessed based on the base year in 2019 and the predictive LULC between
2020 and 2029. The ecosystem service values in 2019 and annual ecosystem services
values between 2020 and 2029 were separately calculated pair by pair using the ESCI.
The derived results were then averaged to identify the LULC scenario for optimum

LULC allocation to minimize sediment and nutrient export (Figure 3.11).
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Figure 3.11 Schematic workflow of optimum LULC allocation to minimize sediment

and nutrient export.



CHAPTER IV
LAND USE AND LAND COVER CLASSIFICATION
AND CHANGE DETECTION

This chapter reports the first objective results, focusing on the classification of
LULC in 2009 and 2019 using the support vector machines (SVM) algorithm and change
detection between 2009 and 2019 using the post-classification comparison algorithm.
The results cover (1) LULC classification in 2009, (2) LULC classification in 2019, and (3)
LULC change between 2009 and 2019 are described and discussed in detail.

4.1 LULC classification in 2009

The input data for LULC classification in 2009 as a historical record using the
SVM algorithm consisted of surface reflectance Landsat 5 TM data (27 February 2009)
and additional bands, including NDVI, NDMI, SAVI, MNDW!I and elevation (DEM) is
displayed in Figure 4.1. The training sample points were visually selected based on the
homogeneity of spectral reflectance bands (4, 5 and 3). The number of training sample
points rapidly estimated from LULC data in 2009 of LDD is summarized in Table 4.1
and displayed in Figure 4.2. The sample points indicate a proportional area of each
LULC type in 2009 of the reference data. The result of the LULC classification in 2009
is spatially displayed in Figure 4.3. Area and the percentage of LULC data are

summarized in Table 4.2.
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Figure 4.1 Surface reflectance and additional bands of Landsat 5 TM imagery.
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Table 4.1 Number of training sample points for LULC classification in 2009 using the

SVM algorithm.

No LULC type Number of training point
1 Urban and built-up area 78
2 Paddy field 303
3 Field crop 22
a4 Para rubber 32
5 Perennial trees and Orchard 59
6 Forest land 510
7 Water body 64
8 Rangeland 3
9 Wetland 9
10 Miscellaneous land 2

Total 1,082
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Table 4.2 Area and percentage of LULC data in 2009.

Area
No LULC type

Km? Percent

1 Urban and built-up area 29.78 3.34
2 Paddy field 241.14 27.05
3 Field crop 17.49 1.96
a4 Para rubber 3.35 0.38
5 Perennial trees and Orchard 59.71 6.70
6 Forest land 476.73 53.48
7 Water body 26.06 2.92
8 Rangeland 16.75 1.88
9 Wetland 19.47 2.18
10 Miscellaneous land 0.87 0.10
Total 891.35 100.00

The results reveal that the top three dominant LULC types are forest land,
paddy field, perennial trees and orchard, which cover 476.73 km? (53.48%), 241.14 km?
(27.05%), and 59.71 km? (6.70%), respectively. Conversely, the top three least LULC
types in 2009 are rangeland, para rubber and miscellaneous land and cover area of
16.75 km? (1.88%), 3.35 km? (0.38%), and 0.87 km? (0.10%), respectively.

Besides, the classified LULC map in 2009 was further assessed the thematic
accuracy with 788 sampling points. In this study, a very high spatial resolution image
from Google Earth in 2009 and 2010 was used as ground reference information to
check the accuracy of the classified LULC map in 2009 (Figure 4.4). The error matrix

and accuracy assessment of the thematic LULC map is reported in Table 4.3.
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Figure 4.4 Spatial distribution of sampling points on Landsat 5-TM image for thematic

accuracy assessment of classified LULC map in 2009.



81

Table 4.3 Error matrix and accuracy assessment of LULC map in 2009.

Ground reference data from Google Earth in 2009

LULC types
UR PD FC RB PO FO WB RL WL ML Total
Urban and built-up area (UR) 33 33
Paddy field (PD) 173 9 1 4 2 2 5 1 197

08\ Field crop (FC) 4 16 2 1 23

N

£ Para rubber (RB) 3 1 6 1 1 12

©

§ Perennial trees and Orchard (PO) 3 1 51 1 56

'gc‘ Forest land (FO) 3 3 2 7 363 3 381

% Water body (WB) 30 30

]

o Rangeland (RL) 1 3 2 16 22
Wetland (WL) 4 1 1 18 24
Miscellaneous land (ML) 10 10
Total 33 190 30 15 66 366 33 26 19 10 788
Producer’s accuracy 100.00 91.05 53.33 40.00 77.27 99.18 90.91 61.54 94.74  100.00
User’s accuracy 100.00 87.82 69.57 50.00 91.07 95.28 100.00 72.73 75.00 100.00
Overall accuracy 90.86
Kappa hat coefficient 87.00

The results reveal that overall accuracy is 90.86%, and the Kappa hat coefficient
is 87.00%. Meanwhile, producer’s accuracy (PA), which indicates the probability of a
reference ground information being correctly classified and is a measure of omission
error (Congalton and Green, 2009), varies between 40.00% for para rubber and 100%
for the urban and built-up area and miscellaneous land. The user’s accuracy (UA),
which is the probability that a pixel classified on the map represents that category on
the ground and is a measure of the commission (Congalton and Green, 2009), varies
between 50.00 % for para rubber and 100% for the urban and built-up area and
miscellaneous land and water body.

As a result, the Kappa hat coefficient value, which is more than 80%, represents
the substantial agreement between the classification map and the reference data
(Rosenfield and Fitzpatrick-Lins, 1986). Meanwhile, the overall accuracy with a value of
more than 85% of the LULC map in 2009 can provide an acceptable result (Anderson,
Hardy, Roach, and Witmer, 1976). Besides, the overall accuracy and Kappa hat
coefficient from this study are similar to Al-doski, Mansor, and Shafri (2013) research.

They applied the SVM to classify land cover from Landsat 5 TM images over four years
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to spot land cover changes in Halabja City, Irag. This algorithm can provide the output
with an average overall accuracy of 93% and the Kappa hat coefficient of 0.85. Also,
Taati, Sarmadian, Mousavi, Pour, and Shahir (2014) confirmed that the SVM algorithm
was performed well for land use classification by Landsat 5 TM images by giving 86.67%
of overall accuracy and 0.82 of kappa coefficient. Thus, the classified LULC map in
2009 can be accepted and further applied for LULC change detection and prediction
in this study.

According to the error matrix (Table 4.3), commission error of paddy field comes
from field crop, rangeland, and perennial trees and orchards. Figure 4.5 demonstrates
the similarity of the harvested field crop and rangeland with the harvested paddy field.
In the meantime, the significant omission error of perennial trees and orchards mostly
come from a paddy field and forest land. The spectral reflectance of perennial trees
and orchards is similar to the forest land when they are mature. Moreover, perennial
trees and orchards, including longan and lychee, are mostly planted near the hillside,

primarily covered by forests (Figure 4.6).
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()

Figure 4.5 Ground photograph of harvested paddy fields (a), harvested field crop (b),

and rangeland (c) from a field survey in 2020.

wﬂmq.
() .I
"X’“.% :

Figure 4.6 Ground photograph of perennial trees and orchards nearby forest land from

a field survey in 2020.
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4.2 LULC classification in 2019

The input data for LULC classification in 2019 as a recent record by the SVM
algorithm were composed of surface reflectance of Landsat 8 OLI imagery (23 February
2019), additional spectral bands (NDVI, NDMI, SAVI, MNDWI) and elevation (DEM) is
shown in Figure 4.7. The training sample points were visually chosen based on the
similarity of the spectral signature of each LULC type. The characteristic of training
sample points for each LULC type is presented in Table 4.4. As a result, it can be
observed that the spectral profile patterns of para rubber, perennial trees and
orchards, and forest land are similar, but spectral reflectance values are different. In
the meantime, spectral plot patterns and reflectance value of paddy field and
miscellaneous land (bush follow) or field crop and rangeland are similar. These spectral
plots represent average spectral reflectance values from each LULC type training point.
Hence, additional spectral bands show a significant role in this LULC classification using
the SVM algorithm in this study.

Like the LULC classification in 2009, the number of points estimated from the
LULC proportion coverage of LDD in 2015 is summarized in Table 4.5. The spatial
distribution of training sample points is presented in Figure 4.8. Simultaneously, the
spatial distribution of the LULC map in 2019 is shown in Figure 4.9, and the area and
the percentage of LULC data in 2019 are summarized in Table 4.6.
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Figure 4.7 Surface reflectance and additional bands of Landsat 8 OLI imagery.
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Table 4.4 Characteristic of training sample points for LULC classification with the SVM

algorithm.

LULC type
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Table 4.4 (Continued).
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Table 4.5 Number of training sample points for LULC classification in 2019 using the
SVM algorithm.

No LULC type Number of training point
1 Urban and built-up area 88
2 Paddy field 397
3 Field crop 11
a4 Para rubber 109
5 Perennial trees and Orchard 101
6 Forest land 510
7 Water body 103
8 Rangeland 11
9 Wetland 28
10 Miscellaneous land 14

Total 1,372
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Table 4.6 Area and percentage of LULC data in 2019.

Area
No LULC type

km? Percent

1 Urban and built-up area 33.10 3.71
2 Paddy field 220.74 24.76
3 Field crop 21.84 2.45
a4 Para rubber 19.78 222
5 Perennial trees and Orchard 79.22 8.89
6 Forest land 436.91 49.02
7 Water body 33.37 3.74
8 Rangeland 27.26 3.06
9 Wetland 16.41 1.84
10 Miscellaneous land 2.71 0.30
Total 891.35 100.00

Like LULC data in 2009, the top three dominant LULC types are still forest land,
paddy field, and perennial trees and orchards, which cover an area of 436.91 km?
(49.02%), 220.74 km? (24.76%), and 79.22 km? (8.89%), respectively. Conversely, the
top three least areas of LULC types in 2019 are para rubber, wetland and
miscellaneous land and cover area of 19.78 km? (2.22%), 16.41 km? (1.84%), and 2.71
km? (0.30%), respectively. This finding implies that the LULC change pattern in both
years is similar with a bit of change.

Also, the classified LULC map in 2019 was assessed the thematic accuracy with
788 sampling points using high spatial image resolution from Google Earth and field

survey in 2020 (Figure 4.10). The error matrix and accuracy assessment of the LULC

map in 2019 is reported in Table 4.7.
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Table 4.7 Error matrix and accuracy assessment of LULC map in 2019.
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LULC types

Ground reference data from Google Earth in 2019 and field survey in 2020

UR PD

FC

RB PO FO

WB

RL

WL

ML

Total

Classified LULC data in 2019

Urban and built-up area (UR)
Paddy field (PD)

Field crop (FC)

Para rubber (RB)

Perennial trees and Orchard (PO)
Forest land (FO)

Water body (WB)

Rangeland (RL)

Wetland (WL)

34

164

22

19 4

34

23

13

34

183

25

24

71

356

34

30

21

Miscellaneous land (ML) 4 6 10

Total 34 178 37 33 73 340 37 33 14 9 788

Producer’s accuracy 100.00 9213  59.46  57.58 7397  99.12 91.89 69.70 9286 66.67

User’s accuracy 100.00  89.62  88.00  79.17 76.06 94.66 100.00  76.67  61.90 60.00

Overall accuracy 89.59

Kappa hat coefficient 85.85

The results display that the overall accuracy is 89.59%, and the Kappa hat
coefficient is 85.85%. Meanwhile, the producer’s accuracy (PA) varies between 57.58%
for para rubber and 100% for the urban and built-up area. The user’s accuracy (UA)
varies between 60.00 % for miscellaneous land and 100% for the urban and built-up
area.

According to the value of the kappa hat coefficient of the agreement, which is
more than 80%, it represents the substantial agreement between the classification
map and the reference data (Rosenfield and Fitzpatrick-Lins, 1986). Additionally, the
overall accuracy of the LULC map in 2019, more than 85%, can provide an acceptable
result (Anderson et al,, 1976). In this study, the overall accuracy and Kappa hat
coefficient are similar to the previous research. Bouaziz, Eisold, and Guermazi (2017)
classified LULC from Landsat 8 imagery at arid semi-arid areas in southeastern Tunisia.
Their results confirmed that the SVM with radial basis function affords the highest
overall accuracy of 91.20% and a kappa coefficient of 0.87. Likewise, Mandal and Saha
(2018) applied SVM algorithms to classify land use from Landsat5 TM and Landsat8 OLI

to quantify and analyze the spatial-temporal relationships between land use change
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and urban growth in Kurseong and surrounding Darjeeling Himalaya. The overall
classification Kappa statistics were 0.8630 for 1991 and 0.8927 for 2017. Hence, the
classified LULC in 2019 in this current study can be accepted and further applied for
LULC change detection and prediction in this study.

Besides, it can be observed that the significant omission error of the paddy field
is caused by wetland, perennial trees and orchards, rangeland, field crop, para rubber
and forest land. Figure 4.11 displays the similarity of active paddy fields and wetlands.
In the meantime, the significant commission error of perennial trees and orchards
come from various LULC types, including para rubber, field crop, paddy field, forest
land, rangeland and miscellaneous land. As mentioned earlier, mature perennial trees

and orchards’ reflectance value is similar to para rubber and forest.

(c) (d)

Figure 4.11 Ground photograph of paddy fields (a,b) wetland (c,d) from field survey in
2020.
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In summary, the SVM classifier with a kernel of Gaussian radial basis function
can be used as a helpful tool to classify LULC from remote sensing imagery because
it can provide high accuracy since it aims to define an optimal hyperplane and give a
maximum margin between two cases. Moreover, the kernels that turn non-linear
boundaries into linear ones in the high-dimensional space define optimal hyperplane
and determine complex decision boundaries between classes (Cortes and Vapnik,
1995). Under the EnMap BOX software, the SVM algorithm can be processed as semi-
automized by offering a grid search for the optimized model parameter (kernel
parameter, Y and penalization parameter, C). The K- Cross-validation is also tested to
estimate the model’s ability to avoid overfitting or selecting bias data (training and
testing datasets) (Van der Linden et al., 2015).

In this study, the SVM algorithm can provide overall accuracy of 89.59% and
the Kappa hat coefficient of 85.85% for LULC classification in 2009. Besides, it delivers
overall accuracy of 90.86% and the Kappa hat coefficient of 87.00% for LULC
classification in 2019. However, selecting suitable training points for LULC classification

under the EnMap BOX software requires time and skill.

4.3 LULC change between 2009 and 2019

The comparison of LULC change area and its change rate between 2009 and

2019 are summarized in Table 4.8 and Figure 4.12

Table 4.8 Comparison of LULC change between 2009 and 2019.

LULC type (Area in km?)

LULC

UR PD FC RP PO FO WB RL WL ML
In 2009 29.78 241.14 1749 335 59.71 47673 26.06 16.75 19.47 0.87
In 2019 33.10 220.74¢ 2184 1978 7922 43691 3337 2726 1641 271
Change area 332 -2040 435 1643 1951 -39.82 731 1051 -3.06 1.84

Annual change rate 0.33 -2.04 0.44 1.64 1.95 -398 0.73 1.05 -0.31 0.18

Percentage of change  0.37 -2.29  0.49 1.84 2.19 -4.47 0.82 1.18 -0.34 0.21
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Figure 4.12 Comparison of the annual change rate of LULC type between 2009 and
2019.

As a result, the substantially increasing LULC types between 2009 and 2019 are
perennial trees and orchards, para rubber, and rangeland with an annual change rate
of 1.95, 1.64 and 1.05 km? per year, respectively. Slight increasing LULC types in this
period are water body, field crop, urban and built-up area, and miscellaneous land
with the annual change rate of 0.73, 0.44, 0.33, and 0.18 km? per year, respectively.
On the contrary, the significantly decreasing LULC types in this period are forest land
and paddy fields with an annual change rate of 3.98 and 2.04 km? per year,
respectively, and the slightly decreasing LULC type in this period is a wetland with an
annual change rate of 0.31 km? per year.

A transitional change matrix of LULC between 2009 and 2019, which provides
from-to-change class information, is summarized in Table 4.9, and the LULC change
map is displayed in Figure 4.13.

As a result, urban and built-up areas in 2009 were not converted into other
LULC classes in 2019, and the increasing area of urban and built areas in 2019 mainly

comes from paddy fields (1.30 km?) and rangeland (0.95 km?) in 2009.



Table 4.9 The transitional matrix of LULC change between 2009 and 2019.

LULC data in 2019 (km?)

LULC types
UR PD FC RP PO FO WB RL WL ML  Total
Urban and built-up area (UR) 29.78 - - - - - - - - - 29.78
Paddy field (PD) 1.30 202.88 0.16 280 16.41 - 2.33 8.79 5.99 0.48 241.14
‘(‘E\ Field crop (FO) 0.03 1.58 3.80 2.56 4.63 - 0.09 3.58 - 122 17.49
f Para rubber (RP) - 0.63 0.11 y 2L 1.01 - 0.27 0.07 - 0.01 3.35
§| Perennial trees and Orchard (PO) 0.11 512 1.71 590 39.63 - 1.68 5.27 0.03 0.26 59.71
'E Forest land (FO) 0.60 1.35 1572 6.16 11.13 436.91 1.42 291 0.44 0.08 476.73
'§ Water body (WB) - 0.08 - - 0.63 - 2421 0.07 1.05 0.02 26.06
§ Rangeland (RL) 0.95 4.11 0.25 1.00 3.84 - 0.10 6.41 0.01 0.08 16.75
Wetland (WL) 0.22 4.87 - 0.03 1.82 - 3.23 0.13 8.89 0.28 19.47
Miscellaneous land (ML) 0.11 0.12 0.09 0.08 0.12 - 0.04 0.03 - 0.28 0.87
Total 33.10 220.74 21.84 19.78 79.22 436.91 33.37 27.26 16.41 2.71 891.35

66
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Figure 4.13 Distribution of LULC change between 2009 and 2019.
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According to a transitional change matrix of LULC between 2009 and 2019 in
Table 4.9, the considerable increasing area of LULC types between 2009 and 2019 are
perennial trees and orchard (19.51 km? or 1.95 km? per year), para rubber (16.43 km?
or 1.64 km? per year) and rangeland (10.51 km? or 1.05 km? per year). The significant
increase of perennial trees and orchard areas mainly comes from paddy fields (16.41
km?) and forest land (11.13 km?) in 2009. These findings indicate the conversion of
paddy fields into perennial trees and orchards and the expansion of perennial trees
and orchards into forests by farmers, as shown in Figure 4.6.

Meanwhile, the significant increase of para rubber mainly comes from forest
land (6.16 km?) and perennial trees and orchards (5.90 km?) in 2009. These phenomena
show the expansion of para rubber into forests and farmers’ conversion of perennial
trees and orchards into para rubber. As the statistical report of the existing forest area
by the Royal Forest Department, the existing forest area in Phayao province decreased
by 105.20 km? from 2008 to 2019 (Forest Land Management Office, 2019). Due to the
trend of field Latex price increased, especially in 2011, which it reached 122.33 baths
per kg. from 56.10 baths per kg. in 2009 (Thailand Rubber Statistics, 2020) that led to
deforestation and change the perennial tree and orchard area to para rubber area by
the farmers own the land without title documents which encroaching on forest areas
to plant para rubber, accounted for 20.97% (Kreoungsanu, C. and Suksard, S., 2014). In
the meantime, the increased area of rangeland mainly comes from paddy fields (8.79
km?) and perennial trees and orchards (5.27 km?) in 2009. These findings indicate the
existing temporal abandoned paddy fields or perennial tree and orchards plots in the

study area, as shown in Figure 4.14 (a, b, ¢, and d).
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9

Figure 4.14 Ground photograph of abandoned paddy field (a and b), perennial tree
and orchards plots (c and d), and field crop (e) and perennial trees and orchards (f) in

the natural forest from a field survey in 2020.
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Details for the irrelevant increasing area of LULC types between 2009 and 2019
are reported in Table 4.9. Spatial distribution of significantly increased areas of
perennial trees and orchard, para-rubber and rangeland between 2009 and 2019 is
displayed in Figures 4.15 to 4.17, respectively.

In contrast, the significant decreasing area of LULC types between 2009 and
2019 are forest land (39.82 km? or 3.98 km? per year) and paddy field (20.40 km? or
2.04 km? per year). The significantly decreasing forest land in 2009 was mainly
converted into field crop (15.72 km?), perennial trees and orchard (11.13 km?) and para
rubber (6.16 km?) in 2019. The possible reasons to describe these phenomena are the
expansion of the agricultural area into the natural forest as mentioned in many studies
in the area, as shown in Figure 4.14 (e and f). Meanwhile, the considerable decreasing
area of paddy fields in 2009 was most converted into perennial trees and orchards
(16.41 km?), rangeland (8.79 km?), and wetland (5.99 km?). These phenomena indicate
the conversion of paddy fields into perennial trees and orchards and abandoned
paddy fields in rangeland and wetland.

Details for the irrelevant decreasing area of LULC types between 2009 and 2019
are reported in Table 4.9. The spatial distribution of significant decrease in forest land
and paddy field between 2009 and 2019 is displayed in Figures 4.18 to 4.19,

respectively.
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In summary, the classified LULC maps in 2009 and 2019, applied to detect LULC
change, are acceptable results as mentioned in Sections 4.1 and 4.2. A post-
classification comparison change detection algorithm could provide detailed from-to-
change class information between 2009 and 2019. However, reliable information
depends on LULC maps’ accuracy, as Coppin, Jonckheere, Nackaerts, Muys, and
Lambin (2004) mentioned.

This study will apply the classified maps in 2009 and 2019 with derivative
products, including the transitional LULC change probability and transitional LULC
change area matrixes using the Markov Chain model to calculate land requirement
and predict LULC data in 2029 of three different scenarios using the CLUE-S model in

next component.



CHAPTER V
LAND REQUIREMENT ESTIMATION AND LAND USE AND LAND
COVER PREDICTION OF THREE DIFFERENT SCENARIOS

This chapter presents the second and third objectives’ results focusing on land
requirement estimation and prediction of LULC of three different scenarios. The main
results consist of (1) driving force on LULC change, (2) local parameter of CLUE-S model
for LULC prediction, (3) land requirement estimation and prediction of Scenario I: Trend
of LULC evolution, (4) land requirement estimation and prediction of Scenario I
Maximization ecosystem service values, and (5) land requirement estimation and
prediction of Scenario lll: Economic crop zonation are here described and discussed in

details

5.1  Driving force on LULC change

According to the CLUE-S model’s first step, LULC type location preference
according to driving force on LULC change was identified by performing logistic
regression analysis. In this study, eleven driving factors on LULC change, modified
based on lamchuen and Thepwong (2020), were examined to identify a specific LULC
type preference using multicollinearity test and logistics regression analysis. These
factors include soil drainage, distance to stream, distance to water body, distance to
village, slope, distance to road, distance to fault, annual rainfall, elevation, income per
capita at sub-district level, and population density at sub-district level (Figure 5.1). The
multicollinearity test among the physical and socio-economic factors (independent
available) using the VIF (variance inflation factor) is summarized in Table 5.1. The
general rule of thumb, the VIF values should not exceed 10 (Traore and Watanabe,
2017; Kamwi et al,, 2018). As a result, all selected driving factors are insignificantly

correlated among variables. The multiple linear regression equation of each specific
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LULC type location preference with AUC value by logistic regression analysis is
summarized in Table 5.2.
The details of the driving force for each LULC type allocation using logistic

regression analysis are separately explained and discussed in the following section.

Legend Legend
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Figure 5.1 Driving factors on LULC change: (a) Soil drainage, (b) Distance to stream (m),
(c) Distance to water body (m), (d) Distance to village (m), (e) Slope (%), (f) Distance to
road (m), (g) Distance to fault (m), and (h) Annual rainfall (mm), (i) Elevation (m), (j)
Income per capita at sub-district level (Baht), and (k) Population density at sub-district

level (persons per km?).



Legend
Distance to water body (m)

g Mg 181408

Legend
Distance to village (m)
- High : 110331
-,

112

-
3 2 16
5 12 16 Kilumeters
N N

Legend
Slope (%)
sy High 1216399

Legend
Distance to road (m)
- High : 12079.9
e

Figure 5.1 (Continued).




Legend
Distance to fault (m)

P High: 145094

Low:0

Legend

Annual rainfall (mm)

ligh : 928,577
| B

113

Tow:Ti24
§ 12 16
— & ) 16
N

Legend
Elevation (m)

P Wish: 1672

i Low : 394

7

Lo

Legend

Income per capita (Baht)
at sub-district level

g Hieh: 1200
— Low : 43008

Figure 5.1 (Continued).




Legend

Population density
at sub-district level

sy Migh: 3255

Tow : 47

Figure 5.1 (Continued).

114

Table 5.1 Statistical data of multicollinearity test of driving factors effect on LULC type.

Unstandardized

Coefficients

Standardized

No. Driving factor t-test Sig. VIF
Std.  Coefficient
Beta
error
1 Soil drainage (X,) -0.0229  .0056 -0207  -4.1086 .0000 1.4736
2 Distance to stream (X,) 0.0011  .0000 1476 335946 .0000 1.1226
3 Distance to water body (X5) -0.0002  .0000 -3006 -29.9464 .0000  5.8550
4 Distance to village (X,) 0.0003  .0000 3579 66.7967 .0000  1.6688
5 Slope (Xs) 0.0142 0008 1225 17.8190 .0000  2.7464
6 Distance to road (X,) 0.0003  .0000 2327 263178 .0000 4.5438
7 Distance to fault (X;) -0.0001  .0000 -0991 -185922 .0000 1.6527
8 Annual rainfall (Xg) 0.0015  .0001 0737 123901 .0000 2.0576
9 Elevation (X,) 0.0011  .0001 0966 125618 .0000  3.4356
10 Income per capita at sub-district level (X;,) 0.0000  .0000 .0271 3.1387 .0017 4.3486
11 Population density at sub-district level (X;;)  -0.0005  .0001 -0576  -7.0590 .0000 3.8632




Table 5.2 Multiple linear equations of each LULC type location preference and AUC value by binary logistic regression analysis.

Driving forces UR PD FC RB PO FO WA RL WL ML
Constant 12.85642 39.00502 4.95668 -3.06218 -4.42909  -29.41296 3.26850 3.67703 26.40860 4.77505
Soil drainage (X;) -0.07307 0.00050 0.33867 0.32365 0.19337 0.02614 n.s. 0.34216 -0.64019 0.40240
Distance to stream (X5) 0.00099 -0.00193 n. s. WS, n. s. n.s 0.00144 0.00113 n. s. n.s
Distance to water body (Xs) 0.00020 n.s. n.s. -0.00025 n.s. n.s -0.00225 n.s. -0.00148 n.s
Distance to village (X4) -0.00110 n.s. 0.00044 n.s. n.s. n.s n.s. n.s. n.s. n.s
Slope (Xs) n.s. -0.02408 -0.02545 n.s. -0.00531 0.08870 -0.13605 0.01579 -0.09618 -0.06799
Distance to road (Xg) -0.02255 -0.00103 -0.00329 -0.00220 -0.00332 n.s. 0.00342 -0.00388 n. s. n. s.
Distance to fault (X;) n.s. n.s. n.s. n.s n.s. n.s. n.s. n.s. n.s. n.s.
Annual rainfall (Xg) n.s. 0.00151 -0.00921 n.s 0.00366 0.00222 -0.00288 -0.00398 0.00719 -0.01191
Elevation (Xo) -0.03247 -0.09496 n.s. n.s -0.00222 0.05739 -0.00715 -0.00860 -0.08387 n.s
Income per capita at sub-district level (X;q) n.s. n.s. n.s. n.s. n.s. n.s. n.s. n.s. n.s. n.s
Population density at sub-district level (Xy;) 0.00166 -0.00313 -0.00923 -0.00543 n.s. n.s. n.s. -0.00146 n.s. n.s
AUC 0.95856 0.95724 0.85819 0.79793 0.79656 0.99081 0.94559 0.83176 0.95208 0.80433

Remark: All explanatory variables are significant at p < 0.05 error level; n. s. is not significant at 0.05 level; AUC, area under the curve.

GT1
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5.1.1 Driving force for urban and built-up area allocation
The multiple linear equation of the binomial logit regression model for

urban and built-up area allocation after multicollinearity test is as follows:

Pi
Log (;) =12.85642 - 0.07307X; + 0.00099X, + 0.00020X5

- 0.00110X,4 — 0.02255X¢ — 0.03247X4 + 0.00166X4, (5.1)

Where

X4 is  Soil drainage (m);

X, is Distance to stream (m);

X3 is Distance to water body (m);

X4 is Distance to village (m);

Xg is Distance to road (m);

Xy is Elevation (m); and

Xi1 is Population density at sub-district level (persons per km?).

According to Eq. 5.1, four driving factors, including soil drainage, distance to the
village, distance to the road, and elevation, negatively correlate with the urban and
built-up area. Still, three driving factors, the distance to the stream, distance to water
body, and population density at sub-district level, positively correlate with the
probability of urban and built-up area allocation. All significant driving factors truly play
a major role in urban and built-up area allocation. These results indicate that urban
and built-up areas like to situate at poor soil drainage, far from stream and water body,
close to village and road, low elevation, and high population density at sub-district
level.

The AUC value for urban and built-up area allocation with a value of 0.959 is
more than 0.9, suggesting an excellent fit between the predicted and actual LULC
transition (Chen, Zhang, Gao, and Nie, 2018).

5.1.2 Driving force for paddy field allocation

The multiple linear equation of the binomial logit regression model for

paddy field allocation after multicollinearity test is as follows:
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Pi
Log (;) = 39.00502 + 0.00050X; — 0.00193X, — 0.02408X5

- 0.00103X4 + 0.00151X5 — 0.09496X, — 0.00313X, (5.2)

Where

X4 is  Soil drainage (m);

X, is Distance to stream (m);

Xs is  Slope (%);

Xg is Distance to road (m);

Xg is  Annual rainfall (mm);

Xy is Elevation (m); and

Xi1 is  Population density at sub-district level (persons per km?).

According to Eqg. 5.2, five driving factors include the distance to the stream,
slope, distance to the road, elevation, and population density at sub-district level have
a negative relationship with the probability of paddy field allocation, but two driving
factors include soil drainage and annual rainfall, which positively correlate with the
probability of paddy field allocation. All significant driving factors play a crucial role in
paddy field allocation. These results indicate that paddy field prefers to locate at close
to stream and road, flat terrain and gentle slope, proper soil drainage and rainfall, and
low population density.

The AUC value for paddy field allocation with a value of 0.957 is more than
0.9; it suggests an excellent fit between the predicted and real LULC transition (Chen
et al., 2018).

5.1.3 Driving force for field crop allocation

The multiple linear equation of the binomial logit regression model for

field crop allocation after multicollinearity test is as follows:

Pi
Log (;) = 4.95668 + 0.33867X, + 0.00044X, — 0.02545Xs

—0.00329X, — 0.00921X5 — 0.00923X4 (5.3)
Where
X4 is  Soil drainage (m);

X4 is Distance to village (m);
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Xs is  Slope (%);

X is Distance to road (m);

Xg is  Annual rainfall (mm); and

Xi1 is  Population density at sub-district level (persons per km?).

Referring to Eq. 5.3, four driving factors, including slope, distance to the road,
annual rainfall, and population density at sub-district level, negatively correlate with
the probability of field crop allocation. While two driving factors include soil drainage
and distance to the village, have a positive relationship with the probability of field
crop allocation. All significant driving factors play a significant role in field crop
allocation. These results show that field crop occurs at an area with moderate to well
soil drainage, far from the village, gentle slope, close to the road network, less rainfall,
and low population density.

The AUC value for field crop allocation has a value of 0.858, between 0.8 and
0.9. it suggests a good fit between the predicted and real LULC transition (Chen et al,,
2018).

5.1.4 Driving force for para rubber allocation

The multiple linear equation of the binomial logit regression model for

para rubber allocation after multicollinearity test is as follows:

Pi
Log (;) =-3.06218 + 0.32365X; — 0.00025X5 — 0.00220X,

- 0.00543X44 (5.4)
Where
X, is  Soil drainage (m);
X is Distance to water body (m);
Xg is Distance to road (m); and
Xi1 is Population density at sub-district level (persons per km?).

According to Eqg. 5.4, three driving factors, including the distance to the water
body and road and population density at the sub-district level, negatively correlate
with the probability of para rubber allocation. On the contrary, only one driving factor,
soil drainage, has a positive relationship with the probability of para rubber allocation.

All significant driving factors play an essential role in para rubber allocation. These
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results demonstrate that para rubber prefers to situate at moderate to well soil
drainage, close to water body and road, and few population densities at sub-district
level.
The AUC value for para rubber allocation is 0.798, suggesting a fair fit between
the predicted and real LULC transition (Chen et al., 2018).
5.1.5 Driving force for perennial tree and orchard allocation
The multiple linear equation of the binomial logit regression model for

perennial tree and orchard allocation after multicollinearity test is as follows:

Pi
Log (;) =-4.42909 + 0.19337X; — 0.00531X5 — 0.00332X,

+ 0.00366X5 — 0.00222X, (5.5)
Where

X, is  Soil drainage (m);

Xs is  Slope (%);

X is Distance to road (m);

Xg is  Annual rainfall (mm); and

Xy is  Elevation (m).

According to Eqg. 5.5, three driving factors, including slope, distance to the road,
and elevation, have a negative relationship with the probability of perennial tree and
orchard allocation, but two driving factors, namely soil drainage and annual rainfall,
have a positive relationship with the probability of perennial tree and orchard
allocation. All significant driving factors play a crucial role in the perennial tree and
orchard allocation. These results reveal that perennial trees and orchards prefer to be
located at good soil drainage, high rainfall, gentle slope, flat terrain, and close to the
road.

The AUC value for perennial tree and orchard allocation is 0.797, suggesting a
fair fit between the predicted and actual LULC transition (Chen et al., 2018).

5.1.6 Driving force for forest land allocation

The multiple linear equation of the binomial logit regression model for

forest land allocation after multicollinearity test is as follows:
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Pi
Log (;) =-29.41296 + 0.02614X, + 0.08870X5 + 0.00222X5

+ 0.05739X, (5.6)
Where
X4 is  Soil drainage (m);
X is  Slope (%);
Xg is  Annual rainfall (mm); and
Xy is  Elevation (m).

According to Eq. 5.6, all driving factors, including soil drainage, slope, annual
rainfall, and elevation, positively correlate with the probability of forest land allocation.
All significant driving factors play a critical role in forest land allocation. These results
expose that forest land is mainly located at good soil drainage, high rainfall, steep
gradient, and high altitude.

The AUC value for forest land allocation with a value of 0.991 is more than 0.9;
it suggests an excellent fit between the predicted and real LULC transition (Chen,
Zhang, Gao, and Nie, 2018).

5.1.7 Driving force for water body allocation

The multiple linear equation of the binomial logit regression model for

water body allocation after multicollinearity test is as follows:

Pi
Log (;) = 3.26850 + 0.00144X, — 0.00225X5 — 0.13605X;

+ 0.00342Xs - 0.00288X5 — 0.00715Xq (5.7)

Where

X5 is Distance to stream (m);

X5 is Distance to water body (m);

Xs is  Slope (%),

X is Distance to road (m);

Xg is  Annual rainfall (mm); and

Xg is Elevation (m).

According to Eq. 5.7, four driving factors, which include the distance to the

water body, slope, annual rainfall, and elevation, have a negative relationship with the
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probability of water body allocation, but two driving factors, including the distance to
stream and road, have a positive relationship with the probability of water body
allocation. All significant driving factors play a crucial role in water body allocation.
These results express that the water body primarily situates far from stream and road,
close to the water body, gentle slope, low rainfall, and low elevation.

The AUC value for water body allocation with a value of 0.946 is more than
0.9; it suggests an excellent fit between the predicted and actual LULC transition (Chen
et al.,, 2018).

5.1.8 Driving force for rangeland allocation

The multiple linear equation of the binomial logit regression model for

rangeland allocation after multicollinearity test is as follows:

Pi
Log (;) =3.67703 + 0.34216X; + 0.00113X, + 0.01579Xs

— 0.00388X — 0,00398X5 — 0.00860X, — 0.00146X, (5.8)

Where

X4 is  Soil drainage (m);

X, is Distance to stream (m);

Xs is  Slope (%);

Xg is  Distance to road (m);

Xg is  Annual rainfall (mm);

Xo is Elevation (m); and

Xi1 is - Population density at sub-district level (persons per km?).

According to Eq. 5.8, four driving factors, including the distance to the road,
annual rainfall, elevation, and population density at sub-district level, negatively
correlate with the probability of rangeland allocation. Still, three driving factors,
including soil drainage, distance to the stream, and slope, have positively correlated
with the probability of rangeland allocation. All significant driving factors play an
important role in rangeland allocation. These results show that rangeland is mainly
located at good soil drainage, far from the stream, steep slope, close to the road, low

precipitation, and low population density.
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The AUC value for field crop allocation with a value of 0.832 is between values
0.8 and 0.9. it suggests a good fit between the predicted and real LULC transition (Chen
et al., 2018).
5.1.9 Driving force for wetland allocation
The multiple linear equation of the binomial logit regression model for

wetland allocation after multicollinearity test is as follows:

Pi
Log (;) = 26.40860 — 0.64019X; — 0.00148X5 — 0.09618X5

+ 0.00719X; — 0.08387X, (5.9)
Where
X4 is  Soil drainage (m);
X is Distance to water body (m);
Xs is  Slope (%);
Xg is  Annual rainfall (mm); and
Xq is  Elevation (m).

According to Eq. 5.9, four driving factors include soil drainage, distance to water
body, slope, and elevation, have a negative relationship with the probability of wetland
allocation, but only one driving factor, annual rainfall, has a positive relationship with
the probability of wetland allocation. All significant driving factors play a significant role
in wetland allocation. These results indicate that wetland is mainly situated at poor
soil drainage, close to the water body, high precipitation, and a low slope with flat
terrain.

The AUC value for wetland allocation with a value of 0.952 is more than 0.9; it
suggests an excellent fit between the predicted and real LULC transition (Chen et al.,
2018).

5.1.10 Driving force for miscellaneous land allocation

The multiple linear equation of the binomial logit regression model for

miscellaneous land allocation after multicollinearity test is as follows:

Pi
Log (;) = 4.77505 + 0.40240X; — 0.06799Xs — 0.01191X, (5.10)

Where
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X4 is  Soil drainage (m);
X is  Slope (%); and
Xg is  Annual rainfall (mm).

According to Eq. 5.10, two driving factors, slope and annual rainfall, have a
negative relationship with the probability of miscellaneous land allocation, but only
one factor, namely soil drainage, has a positive relationship with the probability of
miscellaneous land allocation. All significant driving factors play a vital role in
miscellaneous land allocation. These results reveal that miscellaneous land mainly
situates at moderate to well soil drainage, low slope, and low rainfall.

The AUC value for miscellaneous land allocation is 0.804, suggesting a fair fit
between the predicted and real LULC transition (Chen et al., 2018).

In summary, the most significant driving factor for all LULC type allocation in
the study area is soil drainage. The second vital driving factors for LULC type allocation
are slope and annual rainfall. The third crucial driving factor for the LULC type
allocation area is the distance to the road and elevation. While, population density at
the sub-district level plays a vital role in the land allocation of urban and built-up
areas, paddy fields, field crops, para rubber, and rangeland. Likewise, the distance to
the stream plays a crucial role in the land allocation of urban and built-up areas, paddy
fields, water bodies, and rangeland. Also, the distance to water body plays a significant
role in the land allocation of built-up area, para rubber, water body, and wetland.
Moreover, distance to village plays an essential role in urban and built-up areas and
field crops. Nevertheless, the distance to fault and the income per capita at sub-district
level are insignificant driving factors for all LULC type allocations in the study area. The
significant driving factors of each LULC type are further used by the CLUE-S model for
LULC allocation during the simulation process.

These findings are similar to the previous works of lamchuen and Thepwong
(2020). They applied the CLUMondo model, the previous version of the CLUE-S model,
to predict LULC type in the Upper Ing watershed, Phayao province. They found that

the top two driving factors for thirteen LULC types allocations by logistic regression
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analysis were annual rainfall and elevation. Moreover, soil drainage was a crucial driving
factor for nine LULC Types in agriculture.

Furthermore, using logistic regression analysis, the derived AUC values varying
from 0.79656 to 0.99081 for each LULC type allocation show primarily good and

excellent fits between the predicted and actual LULC allocation.

5.2  Local parameter of CLUE-S model for LULC prediction

Two sets of local parameters for LULC prediction of three different scenarios
by the CLUE-S model are conversion matrix and elasticity of LULC change. These are
considered and set up based on the transitional and probability change matrix of LULC
data between 2009 and 2019. The conversion matrix, which shows LULC change
opportunity among LULC types, is assigned as 1 when it is allowed or as 0 when it is
not allowed. Meanwhile, elasticity values imply the probability of land use change. It
ranges from 0 (easy conversion) to 1 (irreversible change) and is set up according to
the transitional probability change matrix in the past period.

The conversion matrix of LULC change between 2019 and 2029 for LULC
prediction in 2029 of three scenarios was assigned according to characteristics of each
scenario as follows:

(1) Scenario I: Trend of LULC evolution. The transitional change matrix
between LULC data in 2009 and 2019, as shown in Table 4.9, extracted by the Markov
Chain model, was used as basic information to assign the conversion matrix of this
scenario, as a summary in Table 5.3. As a result, the urban and built-up areas in 2019
cannot be converted into other LULC classes from 2020 to 2029. Meanwhile, other
LULC classes in 2019 can be converted into specific LULC classes between 2020 and
2029. For instance, the paddy field in 2019 allows converting into an urban and built-
up area, rangeland, and miscellaneous land between 2020 and 2029. Likewise, forest
land in 2019 allows converting into an urban and built-up area, field crop, para rubber,

water body, rangeland, and miscellaneous land between 2020 and 2029.
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Table 5.3 Conversion matrix of possible LULC change between 2019 and 2029 for

Scenario I: Trend of LULC evolution.

Possible change in 2029

LULC Types
UR PD FC RB PO FO WB RL WL ML
Urban and built-up area (UR) 1 0 0 0 0 0 0 0 0 0
Paddy field (PD) 1 1 0 0 0 0 0 1 0 1
Field crop (FO) 1 0 1 1 1 0 0 1 0 1
o Para rubber (RB) 0 0 0 1 0 0 0 0 0 0
§ Perennial tree and orchard (PO) 0 0 0 1 1 0 0 0 0 0
L_,_) Forest land (FO) 1 0 1 1 0 1 1 1 0 1
= Water body (WB) 0 0 0 0 0 0 1 0 1 0
Rangeland (RL) 1 1 0 1 1 0 0 1 0 0
Wetland (WL) 0 1 0 0 0 0 1 0 1 1
Miscellaneous land (ML) 1 0 1 1 0 0 0 0 0 1
Note 0 is not allowed and 1 is allowed

(2) Scenario Il: Maximization ecosystem service values. The conversion
matrix of Scenario Il is subject to maximizing ecosystem service values using a simple
benefit transfer method (Costanza et al., 1997) by increasing wetland and decreasing
paddy field, rangeland, and miscellaneous land. According to scenario characteristics,
paddy fields, rangeland, and miscellaneous land are allowed to convert into the
wetland to increase the wetland’s ecosystem service function to retain sediment and
nutrient export. Meanwhile, the conversion of urban and built-up area, field crop, para
rubber, perennial tree and orchard, and forest land into other LULC types is based on
the transitional LULC change matrix between 2009 and 2019 by the Markov Chain
model same as Scenario I. In contrast, the water body does not convert into other

LULC classes, as a summary in Table 5.4.
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Table 5.4 Conversion matrix of possible LULC change between 2019 and 2029 for

Scenario Il: Maximization ecosystem service values.

Possible change in 2029

LULC Types
UR PD FC RB PO FO WB RL WL ML
Urban and built-up area (UR) 1 0 0 0 0 0 0 0 0 0
Paddy field (PD) 1 1 0 0 0 0 0 1 1 1
Field crop (FO) 1 0 1 1 1 0 0 1 0 1
o Para rubber (RB) 0 0 0 1 0 0 0 0 0 0
§ Perennial tree and orchard (PO) 0 0 0 1 1 0 0 0 0 0
9 Forest land (FO) 1 0 1 1 0 1 1 1 0 1
= Water body (WB) 0 0 0 0 0 0 1 0 0 0
Rangeland (RL) 1 1 0 1 1 0 0 1 1 0
Wetland (WL) 0 1 0 0 0 0 0 0 1 1
Miscellaneous land (ML) 1 0 1 1 0 0 0 0 1 1
Note 0 is not allowed and 1 is allowed

(3) Scenario lll: Economic crop zonation. The conversion matrix of Scenario
lIll'is assigned based on areas of suitability classes for economic crops (paddy field, field
crop, para rubber, and perennial tree and orchard) from Agri-Map by the LDD and
Markov Chain model. According to scenario characteristics, existing LULC types as non-
economic crops include forest land, rangeland and miscellaneous land, excluding
urban and built-up area, water body and wetland are allowed to convert into
economic crops (paddy field, field crop, para rubber, and perennial tree and orchard)
according to their zonation by updating with the existing LULC data in 2019. Meanwhile,
the conversion of urban and built-up area, water body and wetland into other LULC
types are based on transitional change matrix between LULC data in 2009 and 2019
by the Markov Chain model, same as Scenario I. The conversion matrix of Scenario Ill

is reported in Table 5.5.
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Table 5.5 Conversion matrix of possible LULC change between 2019 and 2029 for

Scenario lll: Economic crop zonation.

Possible change in 2029

LULC Types
UR PD FC RB PO FO WB RL WL ML
Urban and built-up area (UR) 1 0 0 0 0 0 0 0 0 0
Paddy field (PD) 1 1 0 0 0 0 0 1 0 1
Field crop (FO) 1 0 1 0 0 0 0 1 0 1
o Para rubber (RB) 0 0 1 1 0 0 0 0 0 0
§ Perennial tree and orchard (PO) 0 0 1 1 1 0 0 0 0 0
L_,_) Forest land (FO) 1 1 1 1 1 1 1 1 0 1
= Water body (WB) 0 0 0 0 0 0 1 0 1 0
Rangeland (RL) 1 1 1 0 0 0 0 1 0 0
Wetland (WL) 0 1 0 0 0 0 1 0 1 1
Miscellaneous land (ML) 1 1 1 0 0 0 0 1 0 1
Note 0 is not allowed and 1 is allowed

Besides, elasticity values, which are applied to three different scenarios in LULC
prediction using the CLUE-S model, were assigned according to the transition
probability matrix of LULC change between 2009 and 2019 by the Markov Chain model
suggested by Ongsomwang and lamchuen (2015), which is presented in Table 5.6. As
a result, the elasticity values as probability value for the urban and built-up area,
paddy field, field crop, para rubber, perennial tree and orchard, forest land, water
body, rangeland, wetland, and miscellaneous land are 1.00, 0.84, 0.22, 0.37, 0.67, 0.92,
0.93, 0.38, 0.45, and 0.29 respectively.



Table 5.6 Transition probability matrix of LULC change between 2009 and 2019 by the Markov Chain model.

LULC in 2019
LULC Types
UR PD FC RB PO FO WB RL WL ML
Urban and built-up area (UR) 1.000 0.000  0.000  0.000  0.000  0.000  0.000 0.000 0.000  0.000
Paddy field (PD) 0.005 0.842  0.001 0.012 0.068  0.000 0.010 0.037 0.025 0.002
Field crop (FO) 0.002 0.085 0.216 0.146  0.269  0.000  0.005 0.207 0.000 0.071
o Para rubber (RB) 0.000 0.187 0.026 0371 0308 0.000 0.081 0.022  0.000  0.005
§ Perennial tree and orchard (PO) 0.002  0.086  0.029 ~ 0.096 0.667 0000 0.029 0.087 0.000 0.004
9 Forest land (FO) 0.001 0.003 0.033  0.013 0023 0.916 0.003 0.006  0.001 0.000
3 Water body (WB) 0.000  0.003  0.000  0.000 0.023 0.000 0930 0.002 0.040 0.001
Rangeland (RL) 0.055 0.255 0014  0.059  0.224 0.000 0.006 0.382 0.000  0.006
Wetland (WL) 0.010 0253  0.000 0.002 0.095 0.000 0.166  0.007 0.452 0.016
Miscellaneous land (ML) 0.123 0.140 0.094  0.100 0.165 0.000 0.043 0.048 0.000  0.288

8¢1
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5.3 Land requirement estimation and LULC prediction of Scenario I:
Trend of LULC evolution

The land requirement (demand) estimation of Scenario I: Trend of LULC
evolution was calculated based on the annual rate of LULC change from the transition
area matrix between 2019 and 2029 using the Markov Chain model, as shown in Table
5.7. The annual land requirement of Scenario | between 2019 and 2029 are presented

in Table 5.8.

Table 5.7 Transition area matrix of LULC change between 2019 and 2029 from Markov

Chain model.

LULC Change LULC in 2029
LULC in 2019 UR PD FC RB PO FO WB RL WL ML
Urban and built-up area (UR) 33.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00  0.00
Paddy field (PD) 1.19 185.84 0.15 2.59 14.93 0.00 2.15 8.05 541 043
Field crop (FO) 0.05 1.86 4.71 3.18 5.88 0.00 0.11 4.51 0.00 154
Para rubber (RB) 0.00 3.71 0.50 7.34 6.10 0.00 1.60 0.43 0.00 0.10
Perennial trees and Orchard (PO)  0.18 6.76 231 7.63  52.84 0.00 2.30 6.85 0.02 033
Forest land (FO) 0.41 1.10 14.48 5.79 10.11  400.38 1.16 279 0.62 0.07
Water body (WB) 0.01 0.11 0.00 0.00 0.78 0.00 31.03 0.07 133 004
Rangeland (RL) 1.48 6.95 0.38 1.62 6.10 0.00 0.15 1042 001 0.15
Wetland (WL) 0.17 4.15 0.00 0.03 1.55 0.00 2.73 011 741 026
Miscellaneous land (ML) 0.33 0.38 0.26 0.27 0.45 0.00 0.11 0.13 000 0.78

Table 5.8 Annual land requirement of Scenario | (Trend of LULC evolution) by LULC

type.
Area in km?

Year

UR PD FC RB PO FO WB RL WL ML
2019 33.10 220.74 21.84 19.78 79.22 436.91 33.37 27.26 16.41 2.71
2020 33.48 219.75 21.94 20.65 81.18 433.26 34.16 27.87 16.25 2.81
2021 33.86 218.77 22.03 21.52 83.13 429.61 34.96 28.48 16.09 291
2022 34.24 217.78 22.13 22.38 85.08 425.96 35.76 29.09 1593 3.01
2023 34.63 216.79 22.22 23.25 87.03 422.30 36.56 29.70 15.77 3.11
2024 35.01 215.80 22.32 24.12 88.98 418.65 37.35 30.31 15.60 3.21
2025 35.39 214.82 22.41 24.98 90.93 415.00 38.15 30.92 15.44 3.30
2026 35.77 213.83 22.51 25.85 92.89 411.34 38.95 31.53 15.28 3.40
2027 36.16 212.84 22.60 26.71 94.84 407.69 39.75 32.14 15.12 3.50
2028 36.54 211.85 22.70 27.58 96.79 404.04 40.54 32.75 14.96 3.60
2029 36.92 210.86 22.79 28.45 98.74 400.38 41.34 33.36 14.80 3.70

Annual rate 0.38 -0.99 0.10 0.87 1.95 -3.65 0.80 0.61 -0.16 0.10
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As a result, the increased LULC classes in 2029 are perennial trees and orchards,
para rubber, water body, rangeland, urban and built-up area, field crop, and
miscellaneous land with an increasing annual rate of 1.95, 0.87, 0.80, 0.61, 0.38, 0.10,
and 0.10 km?, respectively. In contrast, the decreased LULC classes in 2029 are forest
land, paddy field, and wetland, with a decreasing annual rate of 3.65, 0.99, and 0.16
km?, respectively.

For LULC prediction of Scenario I: Trend of LULC evolution, conversion matrix
and elasticity of LULC change (Tables 5.3 and 5.6) and estimated land requirement
between 2020 and 2029 (Table 5.8) were simultaneously combined to allocate LULC
data between 2020 and 2029 based on the driving factors on LULC change for specific
LULC type location preference (Table 5.2). The spatial distribution of the predicted
LULC maps of Scenario | between 2020 and 2029 is presented in Figure 5.2. The area
and percentage of LULC classes of Scenario | between 2020 and 2029 are summarized

in Tables 5.9 and 5.10, respectively.

LULC simulated in 2020
under Scenario I

LULC simulated in 2021
under Scenario I

Legend

B (rban and built-up area (UR)
[ Paddy ficld (P13)

[ pield crop (FC)

|
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B ban and built-up area (UR)
[ Paddy ficld (P13)

[ rield erop (FC)

=

I varer body (WB)

[ Rangeland (RT)

[ weetland (WL)

[ Miscellaneous land (ML)

I varer body (WB)

[0 Rangelan.

[ wetland (WL)

[ Miscellaneous land (ML)

Figure 5.2 Spatial distribution of LULC prediction of Scenario | during 2020 to 2029.
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LULC simulated in 2022
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Figure 5.2 (Continued).
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LULC simulated in 2026
under Scenario [
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LULC simulated in 2027
under Scenario I
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LULC simulated in 2028
under Scenario I
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Table 5.9 Area of predicted LULC of Scenario I: Trend of LULC evolution between 2020 and 2029.

Area in km?
LULC types

2020 2021 2022 2023 2024 2025 2026 2027 2028 2029

Urban and built-up area (UR) 33.45 33.83 34.19 34.61 34.99 35.39 35.76 36.15 36.50 36.90
Paddy field (PD) 219.73 21873 217.73 21677 21577 21481 21381 21279 21182 210.84
Field crop (FC) 21.94 22.04 22.13 22.23 22.31 22.43 22.51 22.58 22.69 22.81
Para rubber (RB) 20.65 21.53 22.42 23.26 24.10 24.99 25.86 26.69 271.57 28.45
Perennial trees and Orchard (PO) 81.17 83.14 85.12 87.04 88.95 90.94 92.89 94.82 96.77 98.75
Forest land (FO) 43327 429.62 42596 42230 418.63 41500 41135 407.68 404.03  400.39
Water body (WB) 34.18 34.99 35.78 36.57 37.36 38.16 38.97 39.76 40.58 41.35
Rangeland (RL) 27.86 28.48 29.10 29.70 30.29 30.91 31.52 32.13 32.72 33.36
Wetland (WL) 16.31 16.10 105 15.79 15.76 15.44 15.30 15.27 15.10 14.82
Miscellaneous land (ML) 2.79 2.88 2.98 3.08 3.19 3.28 3.38 3.48 3.57 3.68
Total 891.35 891.35 891.35 891.35 891.35 891.35 891.35 891.35 891.35 891.35

eel



Table 5.10 Percentage of predicted LULC of Scenario I: Trend of LULC evolution between 2020 and 2029.

Percent
LULC types

2020 2021 2022 2023 2024 2025 2026 2027 2028 2029

Urban and built-up area (UR) 3.75 3.80 3.84 3.88 3.93 3.97 4.01 4.06 4.09 4.14
Paddy field (PD) 24.65 24.54 24.43 24.32 24.21 24.10 23.99 23.87 23.76 23.65
Field crop (FC) 2.46 2.47 2.48 2.49 2.50 2.52 2.53 2.53 2.55 2.56
Para rubber (RB) 2.32 2.42 2.52 2.61 2.70 2.80 2.90 2.99 3.09 3.19
Perennial trees and Orchard (PO) 9.11 9.33 9.55 9.76 9.98 10.20 10.42 10.64 10.86 11.08
Forest land (FO) 48.61 48.20 4a7.79 47.38 46.97 46.56 46.15 45.74 45.33 44.92
Water body (WB) 3.83 3.93 4.01 4.10 4.19 4.28 a.37 4.46 4.55 4.64
Rangeland (RL) 3.13 3.20 g BA3 3.40 3.47 3.54 3.61 3.67 3.74
Wetland (WL) 1.83 1.81 I L i 1.77 1.73 1.72 1.71 1.69 1.66
Miscellaneous land (ML) 0.31 0.32 0.33 0.35 0.36 0.37 0.38 0.39 0.40 0.41
Total 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

vel
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As a result of the predicted LULC for Scenario |, areas of seven LULC types are
increased in 2029 according to the rate of LULC change from the transition area matrix
between LULC in 2019 and 2029 composed of urban and built-up area, field crop, para
rubber, perennial trees and orchards, water body, rangeland, and miscellaneous land,
which the areas cover 36.90 km? (4.14%), 22.81 km? (2.56%), 28.45 km? (3.19%), 98.75
km? (11.08%), 41.35 km? (4.64%), 33.36 km? (3.74%) and 3.68 km? (0.41%), respectively.
On the contrary, the areas of paddy fields, forest land, and wetland are decreased in
2029, which the areas cover 210.84 km? (23.65%), 400.39 km? (44.92%), and 14.82 km?
(1.66%), respectively.

Moreover, the transition LULC change matrix between 2019 and 2029 of
Scenario | is displayed in Table 5.11. The result shows that urban and built-up area in
2019 is not converted in other LULC types in 2029, and its area is increased from 33.10
km? in 2019 to 36.90 km? in 2029. The increased areas of urban and built-up area in
2029 come from paddy field (2.62 km?), field crop (0.02 km?), forest land (1.08 km?),
rangeland (0.01 km?), and miscellaneous land (0.08 km?) in 2019. Likewise, para rubber
in 2019 is not converted into other LULC classes in 2029, and its area is increased from
19.78 km? in 2019 to 28.45 km? in 2029. The increased areas of para rubber in 2029
come from forest lands (8.67 km?) in 2019. Similarly, perennial trees and orchards in
2019 are not converted into other LULC classes in 2029. Its area increased from 79.22
km?in 2019 to 98.75 km? in 2029. The increased areas in 2029 come from paddy fields
(0.45 km?), field crops (11.27 km?), forest lands (5.14 km?), and rangeland (2.67 km?) in
2019. Also, the water body in 2019 is not converted into other LULC classes in 2029.
Its area increased from 33.37 km? in 2019 to 41.35 km? in 2029. The water body’s
increased areas in 2029 come from forest lands (6.40 km?) and wetlands (1.59 km?) in
2019. Similarly, the increased areas of rangeland come from paddy field (5.70 km?),
field crop (0.01 km?), and forest land (3.07 km?) in 2019. Also, a wetland in 2019 is
converted into a water body (1.59 km?) in 2029, and its area is decreased from 16.41
km? in 2019 to 14.82 km? in 2029.

On the opposite, paddy field in 2019 is converted into the urban and built-up
area (2.62 km?), field crop (0.01 km?), perennial tree and orchards (0.45 km?), rangeland
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(5.70 km?), and miscellaneous land (1.13 km?) in 2029 and its area is decreased from
220.74 km? in 2019 to 210.84 km? in 2029. Likewise, field crop in 2019 is converted into
the urban and built-up areas (0.02 km?), perennial trees and orchards (11.27 km?), and
rangeland (0.01 km?) in 2029, but its area is increased from 21.84 km? in 2019 to 22.81
km?in 2029. the increased areas of field crop come from paddy fields (0.01 km?), forest
land (12.11 km?), and miscellaneous land (0.14 km?) in 2019. Similarly, forest land in
2019 is converted into the urban and built-up area (1.08 km?), field crop (12.11 km?),
para rubber (8.67 km?), perennial tree and orchard (5.14 km?), water body (6.40 km?),
rangeland (3.07 km?), and miscellaneous land (0.05 km?) in 2029 and its area is
decreased from 436.91 km? in 2019 to 400.39 km? in 2029. Besides, rangeland in 2019
is converted into the urban and built-up area (0.01 km?, and perennial tree and
orchard (2.67 km?) in 2029, and rangeland areas are increased from 27.26 km? in 2019
to 33.36 km? in 2029. Furthermore, miscellaneous land in 2019 is converted into urban
and built-up areas (0.08 km?) and field crops (0.14 km?) in 2029, but its area is increased
from 2.71 km? in 2019 to 3.68 km? in 2029. The increased areas of miscellaneous land
come from paddy fields (1.13 km?) and forest lands (0.05 km?) in 2019.

As a result, the characteristics of the from-to change among LULC types
between 2019 and 2029 are determined by driving factors on LULC change, their local
parameters (conversion matrix and elasticity values), and their land requirements,
which are applied for LULC prediction of Scenario | (Trend of LULC evolution) under
the CLUE-S model. The derived predictive LULC data between 2020 and 2029
correspond with the definition of Scenario |, which allows LULC change (decreased or
increased area) according to the trend of LULC evaluation between 2009 and 2019 by
the Markov Chain model.

Scenario | shows a slight difference between the required land area and the
predicted area of each LULC type in 2029. Even land requirement generally dictates
the final area of each LULC type under of CLUE-S model. For example, the required
area of paddy field in 2029 is 210.86 km?, but it is allocated only 210.84 km?, whereas
the required area of wetland in 2029 is 14.80 km?, but it is allocated over requirement

with a value of 14.82 km?. In this study, the deviation values between the required
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area and each LULC type’s predicted area under Scenario | vary between -0.0002%
(0.02 km?), as underestimation to 0.0002% (0.02 km?), as overestimation. The
summation of deviation values, which are a trade-off between overestimation and
underestimation among LULC types, is 0.00% (see Table 5.11). Hence, the deviation
values depend on the iterative driving factor that determines the highest probability
that each spatial will be converted to specific land-use types in the following year (Xu,
L., Li, Z., Song, H., and Yin, H., 2013; Zhang et al., 2016). Therefore, the LULC prediction
under Scenario | using the CLUE-S model can be validated and accepted for estimating

sediment and nutrient export in this study.



Table 5.11 Transition LULC change matrix between 2019 (Base year) and 2029 of Scenario I: Trend of LULC evolution.

LULC 2019 (km?)

LULC in 2029 (km?)

LULC types UR PD FC RB PO FO WB RL WL ML Total
Urban and built-up area (UR) 33.10 - - - - - - - - - 3310
Paddy field (PD) 2.62 210.84 0.01 - 0.45 - - 5.70 - 1.13  220.74
Field crop (FO) 0.02 - 10.55 - 11.27 - - 0.01 - - 21.84
Para rubber (RB) - - - 19.78 - - - - - - 19.78
Perennial trees and Orchard (PO) - - - = 79.22 - - - - - 79.22
Forest land (FO) 1.08 - 12.11 8.67 5.14  400.39 6.40 3.07 - 0.05 436.91
Water body (WB) - - - - - - 3337 - - - 3337
Rangeland (RL) 0.01 - - - 2.67 - - 24.58 - - 27.26
Wetland (WL) - - = 3 - - 1.59 - 14.82 - 16.41
Miscellaneous land (ML) 0.08 - 0.14 - - - - - - 2.49 2.71
Total 3690 210.84 22.81 28.45 98.75 400.39 41.35 33.36 14.82 3.68 891.35

Land use requirement 36.92 210.86 22.79 28.45 98.74  400.38 41.34 33.36 14.80 3.70 891.35

Deviation value (%) -0.0002 -0.0002 0.0002 - 0.0001 0.0001 0.0001 - 0.0002 -0.0002 -

Deviation value (km?) -0.02 -0.02 0.02 - 0.01 0.01 0.01 - 0.02 -0.02 -

8¢l
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5.4 Land requirement estimation and LULC prediction of Scenario Il
Maximization of ecosystem service values
Land requirement estimation for Scenario Il: Maximization of ecosystem service
values was calculated based on allocated LULC type area after maximization
ecosystem service value with a simple benefit transfer method using linear
programming with the simplex method of What’s Best under MS-Excel software.
The objective functions for ecosystem service value maximization was
formulated in the following equation:
Zyox = [127(X;) + 1,032.3(X,) + 1,032.3(X3) + 1,949.00X,) + 1,949.0(X5) +
1,949.0(X,) + 6,873.7(X7) + 808.6(X5) + 9,368.7(Xo) + 96.3(X7)] >
Where 7, is the objective function of scenario Il for ESV maximization, X; is urban
and built-up area (UR), X, is paddy field (PD), Xj is field crop (FQ), Xy, is para rubber
(RP), X5 is perennial trees and orchards (PO) X; is forest land (FO), X, is water body
(WB), Xz is rangeland (RL), X, is wetland (WL), and X, is miscellaneous land (ML).
The constraints to maximize ecosystem service values in this study are
presented below.
The first constraint is the area of all land use types must be equal to the
allowable area of 89,135.00 ha, as expressed in Equation 5.12.
Xi+ Xo+ Xz 4+ Xg+ Xs + Xg + X7 4+ Xg + Xog + X;0 = 89,135.00 (5.12)
The second constraint is the urban and built-up area should be equal to
3,692.29 ha based on transitional change area between 2009 and 2019 using the
Markov Chain model, as expressed in Equation 5.13.
X; = 3,692.29 (5.13)
The third constraint is the paddy field that should be less than or equal to
22,074.23 ha based on classified LULC in 2019, as expressed in Equation 5.14.
X, <=22,074.23 (5.14)
The fourth constraint is the paddy field that should be more than or equal to
21,086.41 ha based on transitional change area between 2009 and 2019 using the
Markov Chain model, as expressed in Equation 5.15.

X, >= 21,086.41 (5.15)
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The fifth constraint is field crop that should be less than or equal to 2,279.25
ha based on transitional change area between 2009 and 2019 using the Markov Chain
model, as expressed in Equation 5.16.

X3 <= 2,279.25 (5.16)

The sixth constraint is field crop that should be more than or equal to 2,184.17
ha based on classified LULC in 2019, as expressed in Equation 5.17.

X3 >=2,184.17 (5.17)

The seventh constraint is para rubber that should be less than or equal to
2,844.72 ha based on transitional change area between 2009 and 2019 using the
Markov Chain model, as expressed in Equation 5.18.

Xq <= 2,844.72 (5.18)

The eighth constraint is para rubber that should be more than or equal to
1,978.41 ha based on classified LULC in 2019, as expressed in Equation 5.19.

Xy >=1,978.41 (5.19)

The ninth constraint is perennial trees and orchards that should be less than
or equal to 9,874.03 ha based on transitional change area between 2009 and 2019
using the Markov Chain model, as expressed in Equation 5.20.

X5 <= 9,874.03 (5.20)

The tenth constraint is perennial trees and orchards that should be more than
or equal to 7,922.37 ha based on classified LULC in 2019, as expressed in Equation
5.21.

X5 >= 7,922.37 (5.21)

The eleventh constraint is forest land that should be less than or equal to
43,691.43 ha based on classified LULC in 2019, as expressed in Equation 5.22.

Xs <= 143,691.43 (5.22)

The twelfth constraint is forest land that should be more than or equal to
40,038.00 ha based on transitional change area between 2009 and 2019 using the
Markov Chain model, as expressed in Equation 5.23.

X; >= 40,038.00 (5.23)
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The thirteenth constraint is water body should be equal to 3,336.76 ha based
on classified LULC in 2019, as expressed in Equation 5.24.
X; = 3,336.76 (5.24)
The fourteenth constraint is rangeland that should be less than or equal to
2,726.21 ha based on classified LULC in 2019, as expressed in Equation 5.25.
Xg <= 2,726.21 (5.25)
The fifteenth constraint is rangeland that should be more than or equal to
1,363.11 ha, as expressed in Equation 5.26. This constraint was set by decreasing 50%
based on classified LULC in 20109.
Xg >=1,363.11 (5.26)
The sixteenth constraint is a wetland that should be less than or equal to
2,985.48 ha, expressed in Equation 5.27. This constraint was set by considering the
reclaimed areas (decreased rangeland and miscellaneous land by 50%) and other LULC
types.
Xo <=2,985.48 (5.27)
The seventeenth constraint is a wetland that should be more than or equal to
1,640.63 ha based on classified LULC in 2019, as expressed in Equation 5.28.
Xo >=1,640.63 (5.28)
The eighteenth constraint is miscellaneous land that should be less than or
equal to 271.27 ha based on classified LULC in 2019, as expressed in Equation 5.29.
Xjp <= 271.27 (5.29)
The nineteenth constraint is miscellaneous land that should be more than or
equal to 135.64 ha, as expressed in Equation 5.30. This constraint was set by decreasing
50% based on classified LULC in 2019.
X0 >= 135.64 (5.30)
Meanwhile, constraints of the objective function to maximize ecosystem
service value from each LULC type in tabular form are summarized in Table 5.12. These
decision variables are the set of quantities determined to solve the problem and take
on a range of values within limits assigned by the constraints. The result of optimized

LULC allocation to maximize ecosystem service values in 2029 of each LULC type was
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further applied to calculate the annual change rate for the annual land requirement

of Scenario I, as shown in Tables 5.13 and 5.14.



Table 5.12 The constraint to maximize ecosystem service values of Scenario-ll in a table form.

UR PD FC RP PO FO WB RL WL ML
Constraints Operator Area (ha)  Remark
X1 (X2) X3 X4 (X5 (X6) (X (X8 (X9  (X10)
Constraint 1 1 1 1 1 1 1 1 1 1 1 = 89,135.00 Total area
Constraint 2 (UR) 1 0 0 0 0 0 0 0 0 0 = 3692.29  Markov Chain Model
Constraint 3 (PD) 0 1 0 0 0 0 0 0 0 0 <= 22,074.23  Classified LULC in 2019
Constraint 4 (PD) 0 1 0 0 0 0 0 0 0 0 >= 21,086.41  Markov Chain Model
Constraint 5 (FC) 0 0 1 0 0 0 0 0 0 0 <= 2,279.25  Markov Chain Model
Constraint 6 (FC) 0 0 1 0 0 0 0 0 0 0 >= 2,184.17  Classified LULC in 2019
Constraint 7 (RP) 0 0 0 1 0 0 0 0 0 0 <= 2,844.72  Markov Chain Model
Constraint 8 (RP) 0 0 0 1 0 0 0 0 0 0 > 1,978.41  Classified LULC in 2019
Constraint 9 (PO) 0 0 0 0 1 0 0 0 0 0 < 9,874.03  Markov Chain Model
Constraint 10 (PO) 0 0 0 0 1 0 0 0 0 0 >= 7,922.37  Classified LULC in 2019
Constraint 11 (FO) 0 0 0 0 0 1 0 0 0 0 <= 43,691.43  Markov Chain Model
Constraint 12 (FO) 0 0 0 0 0 1 0 0 0 0 >= 40,038.00  Markov Chain Model
Constraint 13 (WB) 0 0 0 0 0 0 1 0 0 0 = 3,336.76  Classified LULC in 2019
Constraint 14 (RL) 0 0 0 0 0 0 0 1 0 0 = 2,726.21  Classified LULC in 2019
Constraint 15 (RL) 0 0 0 0 0 0 0 1 0 0 = 1,363.11  Decrease by 50% from classified LULC in 2019
Constraint 16 (WL) 0 0 0 0 0 0 0 0 1 0 <= 2,985.48 Increased by the reclaimed areas and other LULC types
Constraint 17 (WL) 0 0 0 0 0 0 0 0 1 0 >= 1640.63 - Classified LULC in 2019
Constraint 18 (ML) 0 0 0 0 0 0 0 0 0 1 <= 271.27  Classified LULC in 2019
Constraint 19 (ML) 0 0 0 0 0 0 0 0 0 1 >= 135.64  Decrease by 50% from classified LULC in 2019

evl
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Table 5.13 Allocated LULC area to maximize ecosystem service of Scenario Il and

annual change rate between 2019 and 2029

Area in km?
No LULC Types
20191 20292 Annual rate
1 Urban and built-up area (UR) 33.10 36.92 0.38
2 Paddy field (PD) 220.74 210.86 -0.99
3 Field crop (FO) 21.84 21.84 0
4 Para rubber (RB) 19.78 28.45 0.87
5 Perennial trees and Orchard (PO) 79.22 98.74 1.95
6  Forest land (FO) 436.91 416.32 -2.06
7 Water body (WB) 33.37 33.37 0
8 Rangeland (RL) 27.26 13.63 -1.36
9  Wetland (WL) 16.41 29.85 1.34
10 Miscellaneous land (ML) AN 1.36 -0.14
Note: 1 Classified LULC by SVM

2 Allocated LULC area to maximize ecosystem service by LP

Table 5.14 Annual land requirement of Scenario Il (Maximization of ecosystem service

values) for each LULC type.

Area in km?

Year
UR PD FC RB PO FO WA RL WL ML
2019 33,10 220.74 2184 19.78 79.22 43691 33.37 27.26 16.41 2.71
2020 33.48 219.75 2184 20.65 81.18 434.86 33.37 25.90 17.75 2.58
2021 3386 21877 2184 2152 83.13 43280 33.37 24.54 19.10 2.44
2022 3424 21778 2184 2238 85.08 430.74 33.37 23.17 20.44 2.31
2023 34.63 216,79 2184 2325 87.03 428.68 33.37 21.81 21.79 2.17
2024 35.01 21580 2184 2412 8898 426.62 33.37 20.45 23.13 2.03
2025 3539 21482 2184 2498 9093 42456 33.37 19.08 24.48 1.90
2026 3577 21383 2184 2585 9289 42250 33.37 17.72 25.82 1.76
2027 36.16 212.84 2184 26.71 94.84  420.44 33.37 16.36 27.17 1.63
2028 36.54 21185 2184 2758 96.79 418.38 33.37 14.99 28.51 1.49
2029 36.92 210.86 2184 2845 9874 416.32 33.37 13.63 29.85 1.36
Annual Change 0.38 -0.99 0.00 0.87 1.95 -2.06 0.00 -1.36 1.34 -0.14
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The land requirement characteristics of each LULC type under this scenario can
be described in five categories below.

(1) Historical rate of LULC change. The land requirement of urban and built-up
areas was calculated based on the historical rate of LULC change between 2009 and
2019 using the Markov Chain model.

(2) Unchanged area. The land requirement of the water body was assigned
based on its area from the classified map in 2019.

(3) Decreased area. The land requirement of rangeland and miscellaneous land,
as reclaimed areas, was reduced to half of the areas received from the classified map
in 2019 because these areas provided low ecosystem service values. The areas were
reclaimed and allocated to wetland areas by linear programming. The total area of
rangeland and miscellaneous land in 2029 is about 13.63 km? and 1.36 km?
respectively.

(4) Increased area. The wetland land requirement was allocated from the
reclaimed areas (rangeland and miscellaneous land) and other LULC types by linear
programming. The total area of wetland in 2029 is about 29.85 km?.

(5) Allocated area. The land requirement of paddy fields, field crops, para
rubber, perennial trees and orchards, and forest land were allocated from linear
programming. The areas of each LULC were increased not over the area from the
Markov Chain model in 2029.

As a result, in Table 5.14, the increased LULC classes in 2029 under this scenario
are urban and built-up area, para rubber, perennial trees and orchards and wetland
with an increasing annual rate of 0.38, 0.87, 1.95, and 1.34 km?, respectively. In contrast,
the decreased LULC classes in 2029 are paddy fields, forest land, rangeland, and
miscellaneous land, with a decreasing annual rate of 0.99, 2.06, 1.36 and 0.14 km?,
respectively. Meanwhile, field crops and water bodies are unchanged.

Consequently, the annual land requirement of Scenario Il (Maximization of
ecosystem service values) by linear programming to maximize ESV (Table 5.14) with
conversion matrix and elasticity of LULC change (Tables 5.4 and 5.6) were
simultaneously combined to predict LULC data between 2020 and 2029 of this

scenario based on the driving factors on LULC change for specific LULC type location
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preference (Table 5.2) under the CLUE-S model. The spatial distribution of the
predicted LULC of Scenario Il between 2020 and 2029 is presented in Figure 5.3. The
area and percentage of LULC classes of Scenario Il between 2020 and 2029 are

displayed in Tables 5.15 and 5.16, respectively.
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Figure 5.3 Spatial distribution of LULC prediction of Scenario Il during 2020 to 2029.
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under Scenario 11
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Figure 5.3 (Continued).
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under Scenario 11
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Table 5.15 Area of predicted LULC of Scenario Il: Maximization ecosystem service values between 2020 and 2029.

Area in km?
LULC types

2020 2021 2022 2023 2024 2025 2026 2027 2028 2029

Urban and built-up area (UR) 33.36 33.84 34.22 34.60 34.99 35.39 35.42 36.17 36.47 36.94
Paddy field (PD) 219.74 21873 217.75 21677 21578 21477 21382 21274 21181 210.78
Field crop (FC) 21.85 21.82 21.82 21.81 21.81 21.86 21.85 21.84 21.86 21.80
Para rubber (RB) 20.67 21.50 22.37 23.23 24.09 24.98 25.87 26.74 27.56 28.46
Perennial trees and Orchard (PO) 81.16 83.12 85.05 87.01 88.96 90.81 92.90 94.81 96.70 98.68
Forest land (FO) 434.86 43277 430.71 428.65 426.61 42452 42249 42045 41834 416.34
Water body (WB) 33.57 33.57 33.57 33.57 33.57 33.70 33.70 33.70 33.70 33.70
Rangeland (RL) 25.87 24.51 23.16 21.78 20.43 19.14 17.72 16.35 14.97 13.57
Wetland (WL) 17.72 19.07 20.42 21.76 23.10 24.27 25.82 26.93 28.44 29.72
Miscellaneous land (ML) 2.56 2.42 2.29 2.15 2.02 1.89 1.77 1.62 1.48 1.36
Total 891.35 891.35 891.35 891.35 891.35 891.35 891.35 891.35 891.35 891.35

6v1



Table 5.16 Percentage of predicted LULC of Scenario Il: Maximization ecosystem service values between 2020 and 2029.

Percent
LULC types

2020 2021 2022 2023 2024 2025 2026 2027 2028 2029

Urban and built-up area (UR) 3.74 3.80 3.84 3.88 3.93 3.97 3.97 4.06 4.09 4.14
Paddy field (PD) 24.65 24.54 24.43 24.32 24.21 24.09 23.99 23.87 23.76 23.65
Field crop (FC) 2.45 2.45 2.45 2.45 2.45 2.45 2.45 2.45 2.45 2.45
Para rubber (RB) 2.32 2.41 2.51 261 2.70 2.80 2.90 3.00 3.09 3.19
Perennial trees and Orchard (PO) 9.11 9.32 9.54 9.76 9.98 10.19 10.42 10.64 10.85 11.07
Forest land (FO) 48.79 48.55 48.32 48.09 47.86 47.63 47.40 ar.17 46.93 46.71
Water body (WB) 3.77 3.77 3.77 3.77 3.77 3.78 3.78 3.78 3.78 3.78
Rangeland (RL) 2.90 2.75 2.60 2.44 2.29 2.15 1.99 1.83 1.68 1.52
Wetland (WL) 1.99 2.14 2.29 244 2.59 2.72 2.90 3.02 3.19 3.33
Miscellaneous land (ML) 0.29 0.27 0.26 0.24 0.23 0.21 0.20 0.18 0.17 0.15
Total 100.00  100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

0471
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As a result of the predicted LULC for Scenario Il (Maximization of ecosystem
service values), areas of five LULC types are increased in 2029 consist of urban and
built-up area, para rubber, perennial trees and orchards, water body, and wetland
which areas cover 36.94 km? (4.14%), 28.46 km? (3.19%), 98.68 km? (11.07%), 33.70 km?
(3.78%), and 29.72 km? (3.33%) respectively. On the contrary, the areas of paddy field,
field crop, forest land, rangeland, and miscellaneous land are decreased in 2029, which
the areas cover 210.78 km? (23.65%), 21.80 km? (2.45%), 416.34 km? (46.71%), 13.57
km? (1.52%), and 1.36 km? (0.15%), respectively.

Additionally, the transition LULC change matrix between 2019 and 2029 of
Scenario Il is displayed in Table 5.17. As a result, urban and built-up in 2019 is not
converted in other LULC types in 2029, and its area is increased as a trend of LULC
change from 33.10 km? in 2019 to 36.94 km? in 2029. The increased urban and built-
up areas in 2029 mainly come from forest land (2.78 km?) in 2019. Likewise, para rubber
in 2019 is not converted into other LULC classes in 2029, and its area is increased from
19.78 km? in 2019 to 28.46 km? in 2029. The increased areas of para rubber in 2029
come from forest land (8.68 km?) in 2019. Similarly, perennial trees and orchards in
2019 are not converted into other LULC classes in 2029. Its area increased from 79.22
km? in 2019 to 98.68 km? in 2029. The increased areas in 2029 come from field crops
(8.05 km?), forest land (1.02 km?), and rangeland (10.39 km?) in 2019. Likewise, a
wetland in 2019 is an increased area under Scenario Il as expected, which is not
converted into other LULC types in 2029, and its area is increased from 16.41 km? in
2019 to 29.72 km? in 2029. The increased areas of the wetland in 2029 come from
paddy fields (9.50 km?), rangeland (2.83 km?), and miscellaneous land (0.98 km?) in
2019. This result implies the efficacy of linear programming for reclaimed and changing
other areas into the wetland.

On the contrary, the paddy field in 2019 is mainly converted into wetland (9.50
km?) in 2029, and its area is decreased from 220.74 km? in 2019 to 210.78 km? in 2029.
Likewise, field crop is mainly converted into perennial trees and orchards (8.05 km?),
and its area is decreased from 21.84 km? in 2019 to 21.80 km? in 2029. Also, forest land

is primarily converted into the urban and built-up area (2.78 km?), field crop (7.75 km?),
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and para rubber (8.68 km?), and its area is decreased from 436.91 km? in 2019 to 416.34
km? in 2029. Similarly, rangeland is a decreased area under Scenario Il as expected in
2029, mainly converted into perennial trees and Orchards (10.39 km?) and wetland
(2.83 km?). Its area decreased from 27.26 km? in 2019 to 13.57 km? in 2029. Also,
miscellaneous land is decreased in 2029 as desired, mostly converted into wetland
(0.98 km?). The area decreased of its from 2.71 km? in 2019 to 1.36 km? in 2029.
Meanwhile, under Scenario I, the water body is a fixed land requirement area between
2019 and 2029, which is not converted into other LULC classes in 2029. However, the
water body area increased from 33.37 km? in 2019 to 33.70 km? in 2029. Most of the
increased water body areas in 2029 are scattered in undulated areas.

In summary, linear programming with an objective function to maximize
ecosystem services values can be used to allocate specific LULC areas using the simple
benefit transfer method. Similar to Scenario |, there is a slight difference between the
required land area and the predicted area of each LULC type in 2029 under Scenario
Il. For instance, the required wetland area in 2029 is 29.85 km?, but it is allocated only
29.72 km?, while the required area of the water body in 2029 is 33.37 km?, but it is
allocated over the requirement, with a value of 33.70 km?. The deviation values
between the required and the predicted area of each LULC type under Scenario Il vary
from -0.0013% to 0.0033% or from -0.13 km? (underestimation) to 0.33 km?
(overestimation). The summation of deviation values, which are trade-offs between
overestimation and underestimation among LULC types, is 0.00% (see Table 5.17). The
deviation values depend on the iterative driving factor that determines the highest
probability that each spatial will be converted to specific land-use types in the
following year (Xu et al.,, 2013; Zhang et al., 2016). Therefore, the LULC prediction using
the CLUE-S model can be validated and accepted for estimating sediment and nutrient

export under Scenario II.



Table 5.17 Transition matrix of LULC change between 2019 and 2029 of Scenario Il: Maximization ecosystem service values.

LULC 2019 (km?)

LULC in 2029 (km?)

LULC types UR PD FC RB PO FO WB RL WL ML Total
Urban and built-up area (UR) 33.10 - - - - - - - - - 3310
Paddy field (PD) 0.46 210.78 - - - - - - 9.50 - 220.74
Field crop (FO) 0.06 - 13.73 - 8.05 - - - - - 21.84
Para rubber (RB) - - - 19.78 - - - - - - 19.78
Perennial trees and Orchard (PO) - - - - 79.22 - - - - - 79.22
Forest land (FO) 2.78 - 7.75 8.68 1.02 416.34 0.33 0.01 - - 43691
Water body (WB) - - - - - - 3337 - - - 3337
Rangeland (RL) 0.48 - - - 10.39 - - 13.56 2.83 - 27.26
Wetland (WL) - - - - - - - - 16.41 - 1641
Miscellaneous land (ML) 0.06 - 0.32 2 . - - . 0.98 1.36 2.71
Total 36.94 210.78 21.80 28.46 98.68 416.34 33.70 13.57 29.72 1.36 891.35

Land use requirement 36.92 210.86 21.84 28.45 98.74 416.32 33.37 13.63 29.85 1.36 891.35

Deviation value (%) 0.0002 -0.0008 -0.0004 0.0001 -0.0006 0.0002 0.0033 -0.0006 -0.0013 - -

Deviation value (km?) 0.02 -0.08 -0.04 0.01 -0.06 0.02 0.33 -0.06 -0.13 : .

eqt
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5.5 Land requirement estimation and LULC prediction of Scenario lll:
Economic crop zonation

The land requirement is estimated based on the LULC change rate between
2009 and 2019 under this scenario using the Markov chain model and suitability classes
(highly, moderate, and low suitability) for economic crops zonation in 2017 and 2018
from Land Department Development. In this scenario, the suitability zonation of four
economic crops (paddy field, field crop, para rubber and perennial tree and orchard)
was updated with existing LULC data in 2019 for estimating land requirement. The
result of the annual land requirement of Scenario Ill (Economic crop zonation) between
2020 and 2029 is presented in Table 5.18. The characteristics of the land requirement
of each LULC type under this scenario can be described in three categories below.

(1) Historical rate of LULC change. The land requirement of urban and built-up
area, forest land, water body, rangeland, wetland, and miscellaneous land was
calculated based on the historical rate of LULC change between 2009 and 2019 using
the Markov Chain model.

(2) Decreased area. The land requirement of para rubber was reduced following
their suitability zonation from LDD. The land requirement of para rubber was estimated
by updating its existing area with the area of para rubber suitability zonation (highly,
moderate, and low suitability). The total area of para rubber in 2029 is about 19.66
km? (See Figure 5.4a). Simultaneously, land requirements of perennial tree and orchard
were estimated based on the updating longan and coffee zonation with existing
perennial tree and orchard in 2019. The perennial tree and orchard area in 2029 is
about 26.88 km? (See Figure 5.4b).

(3) Increased area. The land requirement of paddy fields and field crops was
increased based on updating their suitability zonation (highly, moderate, and low
suitability) from LDD with the existing LULC in 2019. The total required areas of the
paddy field and field crops in 2029 are about 280.34 km? and 33.96 km?. See Figures
5.4(c) and 5.4(d).
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Table 5.18 Annual land requirement for Scenario Ill: Economic crop zonation by each

LULC type.

Area in km?

Year

UR PD FC RB PO FO WA RL WL ML
2019 33.10 220.74 21.84 19.78 79.22 436.91 33.37 27.26 16.41 2.71
2020 33.48 226.70 23.05 19.77 73.99 433.26 34.16 27.87 16.25 2.81
2021 33.86 232.66 24.26 19.76 68.76 429.61 34.96 28.48 16.09 291
2022 34.24 238.62 25.48 19.75 63.52 425.96 35.76 29.09 15.93 3.01
2023 34.63 244.58 26.69 19.74 58.29 422.30 36.56 29.70 15.77 3.11
2024 35.01 250.54 27.90 19.72 53.05 418.65 37.35 30.31 15.60 3.21
2025 35.39 256.50 29.11 19.71 47.82 415.00 38.15 30.92 15.44 3.30
2026 35.77 262.46 30.32 19.70 42.58 411.34 38.95 31.53 15.28 3.40
2027 36.16 268.42 31.53 19.69 37.35 407.69 39.75 32.14 15.12 3.50
2028 36.54 274.38 32.74 19.68 32.12 404.04 40.54 32.75 14.96 3.60
2029 36.92 280.34 33.96 19.66 26.88 400.38 41.34 33.36 14.80 3.70

Annual Change  0.38 5.96 1.21 -0.01 -5.23 -3.65 0.80 0.61 -0.16  0.10

As a result of the annual land requirement for Scenario lll (Economic crop
zonation) for each LULC type between 2019 and 2029, the increased LULC classes are
paddy field, field crop, water body, rangeland, urban and built-up area, and
miscellaneous land with an annual increased rate of 5.96, 1.21, 0.80, 0.61, 0.38 and
0.10 km?, respectively. In contrast, the decreased LULC classes are perennial trees and
orchards, forest land, wetland, and para rubber with an annual decreased rate of 5.23,

3.65, 0.16, and 0.01 km?, respectively.
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Figure 5.4 Spatial distribution of the economic crop zonation (a) para rubber, (b)

perennial trees and orchards, (c) paddy field, and (d) field crop.
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Subsequently, the annual land requirement of Scenario lll (Economic crop
zonation) (Table 5.18) with conversion matrix and elasticity of LULC change (Tables 5.5
and 5.6) were simultaneously combined to predict LULC data between 2020 and 2029
of this scenario based on the driving factors on LULC change for specific LULC type
location preference (Table 5.2) under the CLUE-S model. The spatial distribution of
the predicted LULC of Scenario Il between 2020 and 2029 is presented in Figure 5.5.
The area and percentage of LULC classes of Scenario Il between 2020 and 2029 are

displayed in Tables 5.19 and 5.20, respectively.
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Figure 5.5 Spatial distribution of LULC prediction of Scenario Il during 2020 to 2029.
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Table 5.19 Area of predicted LULC of Scenario Ill: Economic crop zonation between 2020 and 2029.

Area in km?
LULC types

2020 2021 2022 2023 2024 2025 2026 2027 2028 2029

Urban and built-up area (UR) 33.20 33.78 33.94 34.56 34.76 35.41 35.75 36.10 36.65 36.96
Paddy field (PD) 226.72  232.67 238.65 24454  250.55 256.39 26242 268.46 274.37  280.20
Field crop (FC) 23.08 24.26 25.54 26.74 27.93 29.15 30.40 31.62 32.79 34.11
Para rubber (RB) 19.78 19.83 19.85 19.87 19.89 19.89 19.89 19.88 19.59 19.78
Perennial trees and Orchard (PO) 74.06 68.78 63.62 58.31 53.13 4791 42.65 37.46 32.17 26.94
Forest land (FO) 43330 429.61 42598 42230 418.60 41493 411.24 407.57 403.96 400.22
Water body (WB) 34.34 34.93 35.73 36.43 37.07 37.96 38.71 39.48 40.47 41.11
Rangeland (RL) 27.86 28.46 29.06 29.68 30.61 30.94 31.56 32.14 32.78 33.44
Wetland (WL) 16.22 16.10 1 plina 15.78 15.63 15.43 15.29 15.11 14.96 14.85
Miscellaneous land (ML) 2.79 2497 3.00 3.14 3.18 3.34 3.44 3.53 3.61 3.73
Total 891.35 891.35 891.35 891.35 891.35 891.35 891.35 891.35 891.35 891.35

0971



Table 5.20 Percentage of predicted LULC of Scenario Ill: Economic crop zonation between 2020 and 2029.

Percent
LULC types

2020 2021 2022 2023 2024 2025 2026 2027 2028 2029

Urban and built-up area (UR) 3.72 3.79 3.81 3.88 3.90 3.97 4.01 4.05 4.11 4.15
Paddy field (PD) 25.44 26.10 26.77 27.44 28.11 28.76 29.44 30.12 30.78 31.44
Field crop (FC) 2.59 2.172 2.87 3.00 3.13 3.27 3.41 3.55 3.68 3.83
Para rubber (RB) 2.22 2.23 2.23 2.23 2.23 2.23 2.23 2.23 2.20 2.22
Perennial trees and Orchard (PO) 8.31 7.72 7.14 6.54 5.96 5.37 4.79 4.20 3.61 3.02
Forest land (FO) 48.61 48.20 4a7.79 47.38 46.96 46.55 46.14 45.72 45.32 44.90
Water body (WB) 3.85 3.92 4.01 4.09 4.16 4.26 4.34 4.43 4.54 4.61
Rangeland (RL) 3.13 3.19 g 825 3.43 3.47 3.54 3.61 3.68 3.75
Wetland (WL) 1.82 1.81 I L i 1.75 1.73 1.72 1.70 1.68 1.67
Miscellaneous land (ML) 0.31 0.33 0.34 0.35 0.36 0.37 0.39 0.40 0.41 0.42
Total 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

191



162

As a result of the predicted LULC for Scenario Il (Economic crop zonation),
areas of six LULC types are increased in 2029, including urban and built-up areas, paddy
fields, field crops, water body, rangeland, and miscellaneous land. The areas are 36.96
km? or 4.15%, 280.20 km? or 31.44%, 34.11 km?® or 3.83%, 41.11 km? or 4.61%, 33.44
km? or 3.75%, and 3.73 km? or 0.42% respectively. Conversely, para rubber, perennial
trees and orchard, forest land, and wetland are decreased in 2029, which the areas are
19.78 km? 2.220r %, 26.94 km? or 3.02%, 400.22 km? or 44.90%, and 14.85 km? or
1.67%, respectively.

The transition LULC change matrix between 2019 and 2029 of Scenario Il
(Economic crop zonation) is displayed in Table 5.21. The result shows that urban and
built-up areas will increase as expected in 2029. The area is not converted to other
LULC types in 2029, and its area is increased from 33.10 km? in 2019 to 36.96 km? in
2029, and the increased areas in 2029 mainly come from perennial trees and orchards
(3.09 km?) in 2019. Likewise, the water body in 2019 is not converted into other LULC
classes in 2029, and its area is increased from 33.37 km? in 2019 to 41.11 km? in 2029.
The increased water body areas in 2029 mainly come from forest land (7.73 km?) in
2019. Besides, the rangeland area increased from 27.26 km? in 2019 to 33.44 in 2029
km?, and the increased areas of the rangeland in 2029 mainly come from field crop
(7.65 km?) and perennial trees and orchards (13.95 km?) in 2019. Similarly, the
miscellaneous land area increased from 2.71 km? in 2019 to 3.73 in 2029 km?, and the
increased areas of the miscellaneous land in 2029 generally come from perennial trees
and orchards (2.22 km?) in 2019. In contrast, forest land was mainly converted into
paddy fields (28.26 km?) and water bodies (7.73 km?) in 2029. The forest land decreased
from 436.91 km? in 2019 to 400.22 km? in 2029. Likewise, the wetland decreased from
16.41 km? in 2019 to 14.85 km? in 2029, mainly converted into paddy fields (1.55 km?).

As a result, economic crop areas in Scenario lll: Economic crop zonation,
specifically paddy field, field crop, para rubber, perennial tree and orchard, are located
based on suitability classes of economic crop zonation. According to the land
suitability, the paddy field and field crop areas will increase in 2029. Paddy field areas
are not converted to other LULC types in 2029, expanded from 220.74 km? in 2019 to
280.20 km? in 2029, and they come from perennial trees and orchard (10.25 km?),
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forest land (28.26 km?), and rangeland (16.11 km?) in 2019. Likewise, field crop areas
increased from 21.84 km? in 2019 to 34.11 km? in 2029. Their areas mostly come from
perennial trees and orchards (22.47 km?). However, some field crop areas are
converted into rangeland (7.65 km?) and paddy field (1.51 km?. Conversely, para
rubber areas are decreased in 2029. Some para rubber areas in 2019 are converted
into field crop (0.31 km?) in 2029, and some areas are gained from perennial trees and
orchards (0.30 km?) in 2019. Consequently, areas of para rubber will be unchanged in
2029, with areas of 19.78 km?. In the meantime, areas of perennial trees and orchards
in 2019 are converted into the urban and built-up area (3.09 km?), paddy field (10.25
km?), field crop (22.47 km?), rangeland (13.95 km?), and miscellaneous land (2.22 km?)
in 2029 and their area are decreased from 79.22 km? in 2019 to 26.94 km? in 2029. This
result indicates the influence of economic crop zonation on LULC prediction under
Scenario lI.

Similar to Scenario | and I, there are slight differences between the required
land area and the predicted area of each LULC type in 2029 under Scenario lll. For
example, the required area of the water body in 2029 is 41.34 km?, but it is allocated
only 41.11 km?, while the required area of the field crop in 2029 is 33.96 km?, but it is
allocated over requirement (34.11 km?). In this study, the deviation values between
the required land area and each LULC type’s predicted area under Scenario Il vary
from -0.0023% to 0.0015% or from -0.23 km? (underestimation) to 0.15 km?
(overestimation). The summation of deviation values, which are trade-offs between
over and underestimation among LULC types, is 0.00% (see Table 5.21). Therefore, the
deviation values depend on the iterative driving factor that determines the highest
probability that each spatial will be converted to specific land-use types in the
following year (Xu et al,, 2013; Zhang et al.,, 2016). Therefore, the LULC prediction
under Scenario Il using the CLUE-S model can be validated and accepted for estimating

sediment and nutrient export under Scenario |Il.



Table 5.21 Transition matrix of LULC change between 2019 and 2029 of Scenario Ill: Economic crop zonation.

LULC in 2029 (km?)

LULC types UR PD FC RB PO FO WB RL WL ML Total
Urban and built-up area (UR) 33.10 - - - - - - - - - 33.10
Paddy field (PD) - 220.74 - 1 - - - - - - 220.74
Field crop (FO) 0.68 1.51 11.31 - - - - 7.65 - 0.69 21.84
Para rubber (RB) - - 0.31 19.48 - - - - - - 19.78
g‘g Perennial trees and Orchard (PO) 3.09 10.25 22.47 0.30 26.94 - - 13.95 - 222 19.22
g Forest land (FO) 0.05 28.26 0.02 - - 400.22 7.73 0.63 - - 43691
&  Water body (WB) - - J - g - 3337 - - - 3337
% Rangeland (RL) - 16.11 - - - - - 11.15 - - 27.26
Wetland (WL) - 1.55 = A = - 0.01 - 14.85 - 16.41
Miscellaneous land (ML) 0.04 1.78 : f = - - 0.06 - 0.82 2.71

Total 36.96 280.20 34.11 19.78 2694  400.22 41.11 33.44 14.85 3.73 891.35

Land use requirement  36.92  280.34 33.96 19.66 26.88 400.38 41.34 33.36 14.80 3.70 891.35

Deviation value (%) 0.0004 -0.0014 0.0015 0.0012 0.0006 -0.0016 -0.0023 0.0008 0.0005 0.0003 -

Deviation value (km?) 0.04 -0.14 0.15 0.12 0.06 -0.16 -0.23 0.08 0.05 0.03 -

122
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In summary, the predicted LULC data between 2020 and 2029 of three different
scenarios (trend of LULC evolution, maximization ecosystem service values, and
economic crop zonation) for estimating sediment and nutrient export are compared
and characterized in this section. Table 5.22 shows the area of the predicted LULC
types of three different scenarios between 2019 and 2029 and its change, and Figure
5.6 displays a comparison of LULC type change between actual LULC in 2019 and the
predicted LULC in 2029 of three different scenarios.

As a result, it reveals that the significant LULC types with an increased area
between 2019 and 2020 under Scenario I: Trend of LULC evolution is the urban and
built-up area, field crop, para rubber, perennial trees and orchards, water body,
rangeland, and miscellaneous land. In contrast, the dominant LULC types with the
decreased area in the same period are paddy fields, forest land, and wetlands. The
LULC change under this scenario is set out by historical LULC change between 2009

and 2019, representing socio-economic development in the study area.
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Table 5.22 Comparison area of predicted LULC in three different scenarios and its

change.
LULC in 2019 LULC in 2029
LULC type and scenario Change
(base year) (predicted year)

UR-Scenario-| 33.1 36.90 3.80
UR-Scenario-l 33.1 36.94 3.84
UR-Scenario-lll 33.1 36.96 3.86
PD-Scenario-l 220.74 210.84 -9.90
PD-Scenario-l 220.74 210.78 -9.96
PD-Scenario-lll 220.74 280.20 59.46
FC-Scenario-l 21.84 22.81 0.97
FC-Scenario-ll 21.84 21.80 -0.04
FC-Scenario-ll 21.84 34.11 12.27
RB-Scenario-| 19.78 28.45 8.67
RB-Scenario-l 19.78 28.46 8.68
RB-Scenario-lll 19.78 19.78 0.00
PO-Scenario-| 79.22 98.75 19.53
PO-Scenario-ll 79.22 98.68 19.46
PO-Scenario-ll 79.22 26.94 -52.28
FO-Scenario-| 436.91 400.39 -36.52
FO-Scenario-ll 436.91 416.34 -20.57
FO-Scenario-lll 436.91 400.22 -36.69
WB-Scenario-| 33.37 41.35 7.98
WB-Scenario-Il 33.37 33.70 0.33
WB-Scenario-ll 33.37 41.11 7.74
RL-Scenario- 27.26 33.36 6.10
RL-Scenario-ll 27.26 13.57 -13.69
RL-Scenario-ll 27.26 33.44 6.18
WL-Scenario-| 16.41 14.82 -1.59
WL-Scenario-ll 16.41 29.72 13.31
WL-Scenario-lll 16.41 14.85 -1.56
ML-Scenario-| 271 3.68 0.97
ML-Scenario-lI 271 1.36 -1.35
ML-Scenario-ll 271 3.73 1.02




167

Change of LULC type area between 2019 and 2029 by

scenario
ML-Scenario-lll 1 1.02
-1.35 1
ML-Scenario-| 1 0.97
-1.56 1
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-1.59 1
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Figure 5.6 Comparison of LULC type change between LULC in 2019 (base year) and
the predicted LULC in 2029 of three different scenarios.
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In the meantime, the significant LULC types with the increased area between
2019 and 2029 under Scenario Il: Maximization ecosystem service values are urban and
built-up area, para rubber, perennial trees/orchards, water body, and wetlands.
However, the several LULC types with the decreased area in the same period are
paddy fields, field crops, forest land, rangeland, and miscellaneous land. Under this
scenario, the LULC change is mainly determined by linear programming to maximize
ecosystem services values, significantly increasing wetland. This scenario is reasonable
for reducing sediment and nutrient export to the water due to wetland efficiency that
can retain sediment and nutrient when receiving inflows (Wetland for Thai, 2018).

Meanwhile, the significant LULC types with the increased area between 2019
and 2029 under Scenario lll: economic crop zonation is the urban and built-up area,
paddy field, field crop, water body, rangeland, and miscellaneous land. In contrast, the
prominent LULC types with the decreased area in the same period are perennial trees
and orchards, Forest land, wetland, while the para rubber is stable. Under this scenario,
the LULC change is mainly dictated by suitability classes (highly, moderate, and low
suitability) for economic crops zonation by Agri-Map, particularly paddy field, field crop,
para rubber, and perennial tree and orchard. This scenario represents the
government’s policy on an agricultural extension to reduce cost, increase production,
and provide agriculture competition opportunities.

Moreover, the predicted LULC data in three different scenarios using the CLUE-
S model furnish the results as expected objectives of this study. It was found that the
CLUE-S model is an efficient tool to predict LULC in different specific scenarios. The
deviation values between the required and predicted area of each LULC type vary
from -0.23 km? (underestimation) to 0.33 km? (overestimation). Nevertheless, the CLUE-
S model requires an optimum conversion matrix and elasticity of land use change,

land requirement and driving factors on LULC change.



CHAPTER VI
SEDIMENT EXPORT ESTIMATION OF THREE DIFFERENT SCENARIOS

This chapter presents the results of the fourth objective focusing on sediment
export assessment using the sediment delivery ratio (SDR) model of the InVEST
software suite from LULC in 2019 and predictive LULC between 2020 and 2029 of three
different scenarios. The main results consist of (1) calibration and validation of
sediment delivery ratio model, (2) sediment export estimation of actual LULC in 2019,
(3) sediment export estimation of predictive LULC of Scenario I: Trend of LULC
evolution, (4) sediment export estimation of predictive LULC of Scenario II:
Maximization ecosystem service values, (5) sediment export estimation of predictive
LULC of Scenario lll: Economic crop zonation, and (6) comparison of sediment export

estimation among three different scenarios are here described and discussed in details.

6.1 Calibration of sediment delivery ratio model

In general, a calibration process is firstly required to identify optimum model
parameters using available observed data in the study. Then, the optimum parameters
are applied to validate the model. In this study, the available data between 2011 and
2018 were systematically separated into two datasets: calibration and validation. Thus,
observed data between 2011 and 2015 were applied for model calibration, while
observed data in 2016, 2017 and 2018 were applied for model validation.

The required input data for SDR model calibration are total suspended solids
(TSS) data, runoff and LULC data. Due to this study using the past data, the correlation
of TSS data and the surface runoff that provides the highest correlation was first
analyzed to estimate the observed data. Therefore, the observed maximum daily total
suspended solids data collected three or four times per year between 2011 and 2015
from six locations in Kwan Phayao Lake by the PCD (Table 6.1) were applied to

calculate annual observed TSS data with the annual surface runoff. Meanwhile, the
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daily surface runoff data from the RID were applied to calculate annual surface runoff
in the same period (Figure 6.1). The required LULC data in the same period were
predicted based on the classified LULC in 2009 and 2019 using the CLUE-S model
(Figure 6.2).

For model calibration, this study applies the guideline from the InVEST
documentation and the reviewed paper by Griffin et al. (2020) to calibrate essential
parameters of the SDR model. The critical model parameters, namely Ky, ICy, and TFA,
were systematically adjusted until the satisfied fit was obtained between the modeled
and observed sediment export based on statistical measurement using R and PBIAS.

In principle, the Borselli K (K},) is a sensitivity parameter as the slight increase of
Ky value increases sediment export. On the other hand, reducing the Borselli IC (ICy)
value affects sediment export by increasing export, which both parameters (K, and 1Co)
define the relationship between the index of connectivity and the sediment delivery
ratio (SDR). Moreover, the increase of threshold flow accumulation (TFA) value has also

decreased the sediment export.



Table 6.1 Basic information of observed TSS data of PCD for model calibration.

KPO1 KPO5 KP06 KPO7 KP09 KP010
Year Date Depth TSS Depth TSS Depth TSS Depth TSS Depth TSS Depth TSS
Time Time Time Time Time Time
(m) (mg/V) (m) (mg/\) (m) (mg/V) (m) (mg/V) (m) (mg/V) (m) (mg/V)
2011 2011-12-07 09:53 2.90 7.00 10:10 1.80 5.00 10:21 2.60 4.00 11:17 0.80 10.00 10:31 3.00 4.00 10:44 3.00 12.00
2011-09-01  09:10 3.60 37.00  09:25 2.60 15.00  09:40 3.00 13.00  10:50 1.30 18.00  09:46 3.60 12.00  10:01 3.20 14.00
2011-06-16  09:00 2.80 15.00  09:18 2.30 10.00  09:25 2.50 16.00  15:20 - 37.00  09:35 3.00 10.00  09:47 1.60 18.00
2011-03-18  10:52 2.00 2500  11:08 1.50 4200  11:18 1.60 36.00  13:10 1.00 4.00 11:25 2.00 34.00  11:37 1.50 10.00
2012 2012-11-30  09:20 2.90 20.00  09:40 2.30 16.00  10:00 2.50 13.00  07:50 0.60 11.00  10:10 3.00 13.00  10:25 1.70 16.00
2012-08-30  09:20 1.80 27.00  09:36 2.60 21.00  09:49 2.50 19.00  08:00 1.60 2200  10:00 2.90 20.00  10:16 3.00 42.00
2012-05-30  09:43 2.30 25.00 - 1.80 25.00 - 2.00 2300 11:19 1.60 73.00 - 2.60 17.00 - 2.00 9.00
2012-03-01  09:15 2.00 12.00  09:30  14.00 5.00 09:45 1.90 55.00  08:00 1.70 7.00 09:50 2.50 9.00 10:05 2.30 11.00
2013 2013-12-13 - 3.30 8.00 - 1.80 3.00 - 2.70 4.00 - 1.60 5.00 - 3.20 2.00 - 1.40 4.00
2013-05-30  10:27 1.40 21.00 1047 0.80 54.00  11:00 1.20 31.00 1251 0.70 29.00  11:10 1.60 55.00 11:22 0.20 14.00
2013-02-21 11:30 2.40 18.00 11:55 2.10 19.00 12:05 2.00 11.00 Skl 5) 0.40 11.00 12:15 2.20 12.00 12:25 2.50 8.00
2014  2014-11-20  10:06 3.20 6.00 10:21 2.00 5.00 10:32 2.70 6.00 1147 2.20 8.00 10:47 3.30 2.00 11:00 1.20 9.00
2014-08-22  09:29 3.40 17.00  09:42 1.80 19.00  09:50 2.50 16.00  07:58 1.80 13.00  09:59 2.90 31.00  10:14 1.00 11.00
2014-06-04 08:37 1.20 17.00 08:52 0.20 25.00 09:01 1.10 20.00 07:18 0.80 12.00 09:09 1.50 15.00 09:21 0.10 4.00
2015 2015-12-23 10:25 1.10 39.52 10:40 0.40 34.33 10:50 0.75 21.79 11:10 0.15 20.16 11:30 0.75 15.90 11:50 0.35 33.68
2015-09-10 08:50 2.15 17.00 09:05 0.30 24.00 09:15 1.15 14.40 09:35 0.80 15.00 10:00 1.00 21.78 10:15 1.05 7.20
2015-05-29 09:35 1.95 38.00 09:50 0.30 20.00 10:00 1.30 6.00 10:25 0.65 55.00 10:40 1.20 4.00 11:00 0.15 28.00
2015-03-12 09:21 2.70 4.00 09:42 1.10 3.00 09:51 2.00 52.00 11:26 1.30 26.00 10:05 2.20 5.00 10:24 0.60 10.00

1.7
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Annual surface runoff for model calibration
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Figure 6.1 The annual surface runoff data between 2011 and 2015 for model

calibration.

» =

LULC simulated in 2011 LULC simulated in 2012

Tegend

LLLC simulated in 2013
Tegend

2012 2013

Figure 6.2 Predicted LULC data between 2011 and 2015 for model calibration.
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2014

Figure 6.2 (Continued).

In practice, the default values of selected parameters of the SDR model were
first applied to examine the sensitivity of each parameter on sediment export. Then,
systematic adjustment was conducted from the initial to the maximum value to

identify an optimum local parameter based on R? and PBIAS. (See detail in Table 6.2).

Table 6.2 Sediment delivery ratio model parameters for model calibration.

Default Initial  Maximum Optimum
Parameter Adjusted value
value value value value
Ky 2 1 2 0.5 1
ICy 0.5 0.1 1 0.1 1
TFA 1000 1000 1800 200 1800

Table 6.3 compares the results and statistical measurement at default, initial
and maximum value stages. As a result of Table 6.3, it can be observed that results of
sediment export estimation between 2010 and 2015 with a default value, initial value,
and maximum value provide overestimated value with PBIAS values varying from -
1,216.30 to -225.64 and the R? values ranging from 0.69 to 0.70. This finding indicates
that the systematic adjustment for optimum model parameters identification is

required to minimize the PBIAS value with the expected overestimate, as shown in
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Table 6.2. The comparison of the observed and estimated sediment export and
statistical measurement values under the calibration period is reported in Table 6.4

and Figure 6.3.

Table 6.3 Observed and estimated sediment export and statistical measurement at

default, initial and maximum value stages.

Default setting: K, = 2, IC,= 0.5, TFA = 1000

Estimated

Year  Observed (tons/km?) R2 PBIAS (%)
(tons/km?)

2011 21.56 218.69

2012 17.57 241.31

2013 15.31 175.51 0.69 -1,216.30

2014 13.19 229.28

2015 a.52 85.00

Initial setting: K, = 1, IC, = 0.1, TFA = 1000

Estimated

Year  Observed (tons/km?) R2 PBIAS (%)
(tons/km?)

2011 21.56 54.10

2012 IN/5T 59.65

2013 15.31 43.44 0.69 -225.64

2014 13.19 56.59

2015 a.52 21.19

Maximum setting: K, = 2, IC,= 1, TFA = 1800

Estimated
Year  Observed (tons/km?) R2 PBIAS (%)
(tons/km?)
2011 21.56 172.53
2012 17.57 189.85
2013 15.31 137.80 0.70 -934.47
2014 13.19 179.68

2015 4.52 66.57
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Table 6.4 Comparison of the observed and estimated sediment export with a

statistical measurement under the calibration period.

Sediment export in tons/km? Statistical measurement
vear Observed data  Estimated data PBIAS R2 Adjusted R?
2011 21.56 21.18
2012 17.57 23.32
2013 15.31 16.88 -27.03% 0.697 0.60
2014 13.19 22.02
2015 4.52 8.26

Relationship between observed and estimated sediment export

25.00
20.00

15.00
[

10.00
y = 0.865x - 1.4267

5.00 xr R? = 0.697
Adjusted R? = 0.60

Observation sediment export
(tons/km?)

0.00
0.00 5.00 10.00 15.00 20.00 25.00

Estimation sediment export

(tons/km?)

Figure 6.3 Relationship between the observed and estimated sediment export under

calibration period.

As a result of Table 6.4, the estimated sediment export between 2011 and 2015
is overestimated, as mentioned earlier. However, the PBIAS value was reduced until
an acceptable result, with a value of -27.03% and the R’ value of 0.697, which can
provide a good fit for sediment export estimation, as suggested by Moriasi et al. (2007)
and Me, Abell, and Hamilton (2015). This finding is similar to Bouguerra, Jebari, and
Tarhouni (2019) previous study, which applied the SDR of the INVEST model to analyze

sediment production and control in the Rmel river basin. They found that the
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correlation between estimated and observed sediment export in the calibration
process was high, with R? value of 0.84. Additionally, the k, parameter showed large
variability when varied values. Therefore, an optimum local parameter of the SDR
model of the INVEST software suite can be accepted and further applied to validate

the model in the next step.

6.2 Validation of sediment delivery ratio model

The identified optimum local parameters of the SDR model were applied here
to estimate sediment export between 2016 and 2018 for model validation. Like the
calibration process, the required input data are the observed TSS data, runoff and
LULC data. The observed daily TSS data collected four times per year from 2016 to
2018 from six locations in Kwan Phayao Lake by the PCD were applied to calculate
annual TSS data (Table 6.5). Meanwhile, the daily surface runoff data from the RID
were applied to calculate annual surface runoff in the same period (Figure 6.4). Besides,
the required LULC data in the same period were predicted based on the classified
LULC in 2009 and 2019 using the CLUE-S model (Figure 6.5). The derived results of the
model validation with an optimum SDR model parameter are reported in Table 6.6

and Figures 6.6.



Table 6.5 Basic information of observed TSS data of PCD for model validation.

KPO1 KPO5 KP06 KPO7 KP09 KP010

Year Date Depth TSS Depth TSS Depth TSS Depth TSS Depth TSS Depth TSS
Time Time Time Time Time Time

(m) (mg/V) (m) (mg/V) (m) (mg/V) (m) (mg/V) (m) (mg/V) (m) (mg/V)
2016 2016-11-21  10:00 3.50 15.00 10:20 2.00 16.00 10:31 4.50 12.00 13:00 1.00 11.00 10:46 3.50 9.00 11:10 2.30 12.00
2016-08-22  09:05 2.00 119.00  09:25 1.00 52.00 09:35 1.80 40.00 11:25  0.50 10.00  09:50 1.40 44.00 10:10 1.60 26.00
2016-06-16  09:15 0.90 47.00 09:38  0.50 112.00  09:48 1.00 174.00  12:05  0.30 82.00  10:08 1.50 101.00  10:30 1.00 56.00
2016-03-01  10:15 1.30 62.66 10:55  0.30 42.85 10:45 0.80 25.96 13:00  0.50 3771 11:00 1.00 26.02 11:15 1.00 40.87
2017 2017-11-23 0850  3.10 9.40 09:15 1.80 14.00 09:35 3.00 8.80 11:30 1.40 20.00 0940  3.10 6.20 10:00  2.00 22.00
2017-07-06 - 2.50 25.00 - 1.50 40.00 - 3.00 37.00 - 1.00 19.00 - 2.20 20.00 - 1.70 60.00
2017-05-18  09:05 2.50 32.00 09:10 1.00 56.00 09:15 2.00 60.00 11:05 1.80 95.00  09:30  3.00 24.00 09:50 1.50 140.00
2017-01-26  10:13  3.50 8.80 10:00  2.00 12.00 09:35 1.00 14.00 09:20 1.00 6.60 - - 0.00 08:30 1.50 19.00
2018 2018-11-22 0950  4.20 6.80 10:15  2.00 7.30 10:30 3.40 5.30 10:50 240 5.60 11:00  3.00 13.00 11:20  2.00 3.60
2018-08-06  08:30  2.50 21.00 08:45 1.20 25.00 09:00 230 22.00 10:10 1.30 5300 09:30  3.00 18.00 10:40 250 39.00
2018-05-24  08:30  3.00 21.00 08:45 1.50 21.00 09:00  4.50 18.00 10:20 1.50 4200 09:20 250 20.00 09:45 220  222.00
2018-02-24  09:30  2.50 15.00 09:40 1.20 26.00 09:50  2.50 22.00 08:10 1.20 14.00  10:00 270 10.00 10:10 1.50 10.00

L1
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Annual surface runoff for model validation
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Figure 6.4 The annual surface runoff data between 2016 and 2018 for model

validation.

» =

LULC simulated in 2017
Tegend

LULC simulated in 2016
Legend
. e
=
8

LLLC simulated in 2018
Tegend

2016 2017 2018

Figure 6.5 Predicted LULC data between 2016 and 2018 for model validation.
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Table 6.6 Comparison of the observed and estimated sediment export with a

statistical measurement under the validation period.

Sediment export in tons/km? Statistical measurement
vear Observed data  Estimated data PBIAS R2 Adjusted R?
2016 47.42 18.14
2017 76.04 22.73 65.60% 0.824 0.65
2018 86.88 31.50

Relationship between observed and estimated sediment export

100.00
£
[e] o
R )
Q
é 80.00
-
G
£ g 60.00
o A
2 %
£ § 4000 y = 2.7268x + 4.3341
B R? = 0.8238
2
g 20.00 Adjusted R? = 0.65
Q
O
0.00
0.00 5.00 1000 1500 2000 2500 3000 3500

Estimation sediment export

(tons/km?)

Figure 6.6 Relationship between the estimated and observed sediment export under

validation period.

As a validation result, the PBIAS value is 65.59%, which provides an
unsatisfactory model validation in sediment export estimation. However, the
coefficient of determination between the observed and estimated sediment export is
very good, with a value of about 0.824 as suggested by Moriasi et al. (2007) and Me,
Abell, and Hamilton (2015). However, the ranges of observed and estimated sediment
in the validation period were quite different. The possible reason for this phenomenon
was the data uncertainty, which came from several sources such as location and

frequency of sample collection, instrument variability, and different observers. These
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effects were associated with the result of observed data. Conversely, the estimated
data were systematically adjusted in the calibration process for optimal local
parameters and applied in the validation process. Therefore, the sediment delivery
ratio model of the INVEST software suite can be validated and further applied to
estimate soil loss, sediment retention, sediment deposition, and sediment export in
an actual year and the three different scenarios between 2020 and 2029.

In summary, the calibration of the SDR model exposed that the annual surface
runoff influences the observed TSS data because it was applied to calculate the total
suspended solids in units of tons per year. In this study, the relationship between
annual surface runoff and the observed TSS data under calibration periods shows a
positive correlation as the expected result, with the R? value of 0.6079 (Figure 6.7). It
suggests a good fit between the actual and predicted data, as suggested by Moriasi et
al. (2007) and Me, Abell, and Hamilton (2015). This finding implies that the annual
surface runoff of the RID and the observed TSS data of the PCD can be accepted for

sediment export estimation in this studly.

Observed TSS data and annual surface runoff
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Figure 6.7 Relationship between observed TSS data and annual surface runoff

between 2011 and 2015.
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Moreover, annual rainfall erosivity has affected estimated sediment export
using the SDR model. It is applied under the RUSLE equation to calculate total soil
loss and deliver sediment to the streams (See Eq. 2.18). In general, annual rainfall
erosivity and sediment yield have a positive correlation; as rainfall erosivity increases,
sediment yield increases. So, the average annual rainfall erosivity data under the
calibration period were here applied to confirm the relationship with the estimated
sediment export data, as shown in Figure 6.8. As a result, it disclosed that average
rainfall erosivity data, which interpolated using the IDW method, as shown in Figure
3.8, have a positive with the estimated sediment export as the expected result, with
the R? value of 0.6758. It suggests a good fit between the actual and predicted data,
as suggested by Moriasi et al. (2007) and Me, Abell, and Hamilton (2015).

Average annual rainfall erosivity and estimated sediment export

30.00

25.00

y = 0.0072x + 3.7056 o
R? = 0.6758

20.00

15.00

10.00

Estimated sediment export
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5.00

0.00
0 500 1,000 1,500 2,000 2,500 3,000

Rainfall erosivity (MJ mm ha™ h' y?)

Figure 6.8 Relationship between average annual rainfall erosivity and the estimated

sediment export under calibration period.

This finding is consistent with the previous work of Guesri, Megnounif, and
Ghenim (2020), who examine the relationship between rainfall erosivity and sediment

yield at the K’sob watershed, Northeast Algeria. They found a positive relationship
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between annual rainfall erosivity and sediment yield between 1973 and 1994, with an
R? value of 0.47. Additionally, the seasonal rainfall erosivity data (autumn, winter,
spring, and summer) positively correlated with sediment yield, with R? values varying
from 0.42 to 0.68.

Liu et al. (2018) studied spatial-temporal changes of rainfall erosivity in the
loess plateau, Jing River Basin (JRB), China. They found that rainfall erosivity shows
statistically positive correlations with sediment discharge variations in the JRB with 1-
2 years rainfall patterns in 1963-1966. They also stated that rainfall erosivity was
closely associated with sediment load in the JRB. As the observed decreasing rainfall
erosivity, sediment load may have reduced in the JRB to a certain extent.

Similarly, Yao, Yu, Jiang, Sun, and Li (2016) evaluated the factors affecting soil
erosion in Lushi Basin, and they found that rainfall erosivity in annual mean, monthly,
and seasonal scales have a very good correlation with sediment yield with R? = 0.81,
R? = 0.90, and R? = 0.92 respectively. Thus, these review papers confirm that sediment
yield is driven mainly by rainfall erosivity.

Consequently, an optimum parameter of the SDR model can be further applied
to estimate sediment export of actual LULC data in 2019 and predictive LULC data of
three scenarios between 2020 and 2029 in this study.

6.3 Sediment export estimation of actual LULC in 2019

The estimation of total and average soil erosion, sediment retention, sediment
deposition, and sediment export of actual LULC in 2019 is presented in Table 6.7. The
results found that the total of soil erosion, sediment retention, sediment deposition,
and sediment export in 2019 is about 4,559,886.82 tons (5,115.71 tons/km?),
63,637,227.03 tons (71,394.21 tons/km?), 4,518,235.50 (5,068.98 tons/km?), and
26,421.41 tons (29.64 tons/km?), respectively. The spatial distribution of sediment
export in 2019 is shown in Figure 6.9. Moreover, the amount of soil erosion, sediment
retention, sediment deposition, and sediment export from each LULC type in 2019 are

presented in Table 6.8.
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Table 6.7 Summary data on soil erosion, sediment retention, sediment deposition and

export of actual LULC data in 2019.

Area (km?) 891.35
Soil loss (tons) 4,559,886.82
Soil loss (tons/km?) 5,115.71
Sediment retention (tons) 63,637,227.03
Sediment retention (tons/km?) 71,394.21
Sediment deposition (tons) 4,518,235.50
Sediment deposition (tons/km?) 5,068.98
Sediment export (tons) 26,421.41
Sediment export (tons/km?) 29.64

Sediment export in 2019

ton/ha/year
wom High : 10.52

-Low:0

Figure 6.9 Spatial distribution of sediment export in 2019.



Table 6.8 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2019.

Area Soil erosion Sediment retention Sediment deposition Sediment export
LULC types Total Average Total Average Total Average Total Average
km? % % % %
(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?)
Urban and built-up area (UR) 33.10 - - - 40,101.19 1,211.70 0.59 23,568.28 712.14 0.98 - - -
Paddy field (PD) 220.74 267,650.35 1,212.50 0.63 387,120.22 1,753.72 0.86 1,413,987.86 6,405.60 8.78 2,471.12 11.19 0.80
Field crop (FC) 21.84 1,170,319.04 53,581.83 27.71 256,492.49 11,743.24 5.76 262,229.50 12,005.90 16.46 7,169.79 328.26 23.57
Para rubber (RB) 19.78 548,984.27 27,748.83 14.35 254,470.68 12,862.41 6.31 156,049.37 7,887.63 10.82 2,555.61 129.18 9.27
Perennial tree and orchard (PO) 79.22 1,782,917.30 22,504.84 11.64 976,358.61 12,324.07 6.05 1,251,519.57 15,797.28 21.66 11,578.36 146.15 10.49
Forest land (FO) 436.91 473,171.45 1,082.98 0.56 61,133,624.65 139,921.31 68.68 872,640.83 1,997.28 274 246.47 0.56 0.04
Water body (WB) 33.37 - - - 442,048.34 13,247.82 6.50 308,728.98 9,252.35 12.69 - - -
Rangeland (RL) 27.26 89,011.80 3,265.03 1.69 117,943.11 4,326.26 212 173,766.84 6,373.93 8.74 323.29 11.86 0.85
Wetland (WL) 16.41 - - - 14,252.10 868.70 0.43 26,165.81 1,594.86 2.19 - - -
Miscellaneous land (ML) 271 227,832.60 83,986.99 43.43 14,815.64 5,461.56 2.68 29,578.46 10,903.64 14.95 2,076.77 765.57 54.97
Total  891.35 4,559,886.82 100.00 63,637,227.03 0.59 4,518,235.50 100.00 26,421.41 100.00

1%
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According to zonal statistic operation between soil erosion, sediment retention,
sediment deposition, and sediment export with LULC data in 2019, it revealed that the
highest soil erosion was found on miscellaneous land with an average value of
83,986.99 tons/km? (43.43%) while the lowest average soil loss occurred on forest land
with the value of 1,082.98 tons/km? (0.56%). In the meantime, sediment retention
concerning a watershed where all LULC types are converted to the bare ground, the
highest average sediment retention is forest land with the value of 139,921.31 tons/km?
(68.68%). In comparison, the lowest average sediment retention is a wetland with a
value of 868.70 tons/km? (0.43%). Meanwhile, the highest sediment deposition appears
on perennial trees and orchards with an average value of 15,797.28 tons/km? (21.66%),
whereas the lowest sediment deposition occurs on the urban and built-up area with
the value of 712.14 ton/km? (0.98%). At the same time, the highest sediment export
appears on miscellaneous land with an average value of 765.57 tons/km? (54.97%),
while the lowest sediment export comes from forest land with the value of 0.56
ton/km? (0.04%).

As a result, the intensity of monthly rainfall affects soil loss, sediment retention,
sediment deposition, and sediment export due to an average rainfall erosivity from
monthly rainfall data from 5 meteorological stations. It was found that an average
rainfall erosivity in 2019 was about 2,944.67 MJ mm. ha™ h'' y'!, which was over than
mean of rainfall erosivity from every year (See Table 3.7). Even though the average
annual rainfall in 2019 was 1,047.80 mm., which is lower than the mean annual rainfall
from every year, which was about 1,352.17 mm. (See Table 3.12). This finding suggests
the influence of LULC types and rainfall erosivity on soil loss, sediment retention,
sediment deposition, and sediment export.

In this study, the highest sediment export occurs in miscellaneous land, while
the lowest is forest land. Additionally, urban and built-up areas, water bodies, and
wetland do not create soil erosion and sediment export according to the C and P
coefficient in the biophysical table. In contrast, the sediment retention is modeled
concerning a watershed where all LULC types are cleared to the bare ground. The
value of the retention service is then based on the difference between the sediment

export from this bare soil catchment and that of the scenario of interest. At the same
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time, sediment deposition is the total amount of sediment deposited on the pixel

from upstream sources due to retention (Sharp et al.,2020).

6.4 Sediment export estimation of predictive LULC of Scenario |

Estimation of total and average soil loss, sediment retention, sediment
deposition, and sediment export of predictive LULC between 2020 and 2029 under
Scenario I: Trend of LULC evolution is presented in Table 6.9.

As a result, it was found that the highest total and average soil erosion under
Scenario | (Trend of LULC evolution) are about 8.87 million tons and 9,955.88 tons/km?
occurring in 2026, while the lowest total and average soil erosion are about 5.24 million
tons and 5,883.34 tons/km? occurring in 2022. Likewise, the highest total and average
sediment exports are about 0.06 million tons and 65.97 tons/km? in 2026. The lowest
total and average sediment exports are about 0.03 million tons and 36.32 tons/km? in
2022.

Meanwhile, the highest total and average sediment retention under Scenario |
are about 110.22 million tons and 123,655.43 tons/km? occurring in 2026. The lowest
total and average sediment retention are about 70.07 million tons and 78,614.59
tons/km? occurring in 2022. Simultaneously, the highest total and average sediment
deposition will be about 8.78 million tons and 9,850.33 tons/km? in 2026. The lowest
total and average sediment deposition are about 5.19 million tons and 5,828.02

tons/km? in 2022.



Table 6.9 Estimation of soil erosion, sediment retention, sediment deposition, and sediment export between 2020 and 2029 under

Scenario I: Trend of LULC evolution.

Area Soil erosion Sediment retention Sediment deposition Sediment export
Year Average Average Average Average
km? Total (tons) Total (tons) Total (tons) Total (tons)
(tons/km?) (tons/km?) (tons/km?) (tons/km?)
2020 891.35 6,878,528.82 7,716.98 93,770,442.37 105,200.47 6,815,065.14 7,645.78 41,445.02 46.50
2021 891.35 5,847,404.62 6,560.17 78,967,373.98 88,593.00  5,792,692.27 6,498.79 35,685.45 40.04
2022 891.35 5,244,119.47 5,883.34 70,073,113.63 78,614.59 5,194,802.54 5,828.02 32,373.49 36.32
2023 891.35 6,756,574.63 7,580.16 88,434,250.51 99,213.83  6,691,989.86 7,507.70 41,954.52 47.07
2024 891.35 6,272,703.02 7,037.31 81,568,410.17 91,511.09 6,208,208.97 6,964.95 39,669.68 44.51
2025 891.35 7,500,767.58 8,415.06 95,341,347.05 106,962.86 7,422,653.80 8,327.43 48,329.18 54.22
2026 891.35 8,874,175.32 9,955.88 110,220,267.19 123,655.43  8,780,094.51 9,850.33 58,797.97 65.97
2027 891.35 6,345,432.93 7,118.90 78,538,624.89 88,111.99 6,277,550.83 7,042.75 42,549.03 a7.74
2028 891.35 6,893,185.82 7,733.42 83,435,040.09 93,605.25  6,819,285.86 7,650.51 46,867.05 52.58
2029 891.35 7,227,180.35 8,108.13 85,357,937.88 95,762.54 7,149,662.25 8,021.16 49,558.85 55.60

187
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These results indicate that the primary influence of LULC types and the rainfall
erosivity factor in the RUSLE model affect soil erosion, sediment retention, sediment
deposition, and sediment export. Table 6.10 shows the basic statistics of the predictive
rainfall erosivity factor between 2020 and 2029, calculated from the equation (see

Equation 3.3).

Table 6.10 Basic statistics of predictive rainfall erosivity factor between 2020 and 2029.

Rainfall erosivity (MJ mm ha™ h™ y™)

Year MIN MAX MEAN RANGE STD
2020 2,200.46 3,628.76 2,854.33 1,428.30 491.39
2021 1,985.90 3,249.31 2,490.34 1,263.41 344.98
2022 1,837.56 2,153.87 2,239.93 916.31 348.57
2023 2,297.64 3,632.87 2,7111.93 1,235.23 370.98
2024 2,148.41 3,085.24 2,601.06 936.83 367.02
2025 2,456.77 4,221.46 2,992.66 1,764.69 520.98
2026 2,711.94 3,791.71 3,130.43 1,079.77 349.27
2027 1,923.79 & 16N 2,456.18 1,237.80 401.79
2028 2,213.24 2,855.04 2,588.82 641.80 204.96
2029 2,282.63 3,403.08 2,640.18 1,120.46 344.94

The contribution of the predictive LULC of Scenario I (Trend of LULC evolution)
on soil erosion, sediment retention, sediment deposition, and sediment export
between 2020 and 2029 are summarized in Tables 6.11 to 6.20, and the spatial
distribution of sediment export of the predictive LULC between 2020 and 2029 of

Scenario | is displayed in Figures 6.10 to 6.13.



Table 6.11 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2020 under

Scenario .
Area Soil erosion Sediment retention Sediment deposition Sediment export
LULC types Total Average Total Average Total Average Average
km? % % % Total (tons) %
(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 33.45 - - - 66,911.39 2,000.20 0.67 34,261.16 1,024.18 0.92 - - -
Paddy field (PD) 219.73 404,682.22 1,841.76 0.64 579,913.86 2,639.27 0.88 2,002,731.04 9,114.70 8.19 3,717.20 16.92 0.83
Field crop (FC) 21.94 1,742,970.30 79,455.12 27.81 379,796.81 17,313.43 578 481,272.15 21,939.29 19.71 11,871.85 541.19 26.40
Para rubber (RB) 20.65 844,623.82 40,899.01 14.32 394,281.68 19,092.21 6.37 299,270.69 14,491.51 13.02 4,241.10 205.37 10.02
Perennial tree and orchard (PO) 81.17 2,705,661.88 33,331.96 11.67 1,412,504.02 17,401.11 5.81 1,857,974.38 22,889.01 20.57 17,819.11 219.52 10.71
Forest land (FO) 433.27 697,397.51 1,609.62 0.56 90,108,946.96 207,975.14 69.42 1,308,423.69 3,019.90 271 366.17 0.85 0.04
Water body (WB) 34.18 - - - 606,042.65 17,729.67 592 481,126.11 14,075.26 12.65 - - -
Rangeland (RL) 27.86 139,103.16 4,992.14 1.75 178,851.19 6,418.61 2.14 283,279.49 10,166.34 9.13 510.48 18.32 0.89
Wetland (WL) 16.31 - - - 21,846.30 1,339.35 0.45 31,523.23 1,932.62 174 - - -
Miscellaneous land (ML) 2.79 344,089.93 123,542.48 43.25 21,347.49 7,664.63 2.56 35,203.19 12,639.40 11.36 2,919.11 1,048.08 51.12
Total 891.35 6,878,528.82 100.00 93,770,442.37 100.00 6,815,065.14 100.00 41,445.02 100.00
Table 6.12 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2021 under
Scenario .
Area Soil erosion Sediment retention Sediment deposition Sediment export
LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %
(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 33.83 - - - 57,767.61 1,707.72 0.68 29,011.31 857.63 0.87 - - -
Paddy field (PD) 218.73 336,585.46 1,538.83 0.64 483,582.49 2,210.89 0.87 1,699,310.36 7,769.06 7.90 3,120.75 14.27 0.82
Field crop (FC) 22.04 1,450,810.85 65,814.18 21.57 317,800.15 14,416.60 5.70 493,740.13 22,397.89 22.77 10,164.20 461.09 26.63
Para rubber (RB) 21.53 726,543.20 33,751.09 14.14 337,486.01 15,677.69 6.20 296,362.73 13,767.34 14.00 3,689.39 171.39 9.90
Perennial tree and orchard (PO) 83.14 2,327,746.56 27,997.63 11.73 1,208,744.17 14,538.51 575 1,560,532.77 18,769.75 19.08 15,413.32 185.39 10.71
Forest land (FO) 429.62 586,519.89 1,365.20 0.57 75,860,227.17 176,574.10 69.86 990,796.67 2,306.20 2.34 309.63 0.72 0.04
Water body (WB) 34.99 - - - 513,493.70 14,674.41 5.81 425,009.67 12,145.75 12.35 - - -
Rangeland (RL) 28.48 119,122.50 4,182.38 1.75 151,351.68 5,313.94 2.10 242,388.07 8,510.22 8.65 443.25 15.56 0.90
Wetland (WL) 16.10 - - - 18,157.86 1,127.56 0.45 26,065.07 1,618.58 1.65 - - -
Miscellaneous land (ML) 2.88 300,076.16 104,095.45 43.60 18,763.14 6,508.87 2.58 29,475.50 10,224.96 10.39 2,544.90 882.82 50.99
Total  891.35 5,847,404.62 100.00 78,967,373.98 100.00 5,792,692.27 100.00 35,685.45 100.00

681



Table 6.13 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2022 under
Scenario |.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 34.19 - - - 52,795.41 1,544.18 0.69 25,545.13 747.15 0.83 - - -
Paddy field (PD) 217.73 293,207.94 1,346.69 0.64 421,831.50 1,937.45 0.86 1,518,430.09 6,974.06 7.74 2,737.49 12.57 0.80
Field crop (FC) 2213 1,290,639.61 58,329.90 27.74 278,805.35 12,600.49 5.60 473,096.80 21,381.41 23.72 9,165.41 414.23 26.27
Para rubber (RB) 22.42 666,474.30 29,728.01 14.14 309,599.29 13,809.64 6.14 273,180.48 12,185.18 13.52 3,404.13 151.84 9.63
Perennial tree and orchard (PO) 85.12 2,094,492.07 24,605.34 11.70 1,086,565.62 12,764.58 5.68 1,398,346.11 16,427.27 18.22 13,940.68 163.77 10.39
Forest land (FO) 425.96 519,452.85 1,219.47 0.58 67,296,569.64 157,986.20 70.25 822,811.17 1,931.64 214 275.06 0.65 0.04
Water body (WB) 35.78 - - - 457,745.97 12,795.13 5.69 413,087.66 11,546.82 12.81 - - -
Rangeland (RL) 29.10 107,651.43 3,699.74 1.76 136,353.65 4,686.17 2.08 217,217.45 7,465.28 8.28 408.25 14.03 0.89
Wetland (WL) 15.95 - - - 15,635.46 980.36 0.44 23,146.55 1,451.32 1.61 - - -
Miscellaneous land (ML) 2.98 272,201.26 91,336.30 43.44 17,211.73 5,775.34 2.57 29,941.10 10,046.64 11.14 2,442.47 819.56 51.98
Total 891.35  5,244,119.47 100.00 70,073,113.63 100.00 5,194,802.54 100.00 32,373.49 100.00

Table 6.14 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2023 under
Scenario |.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 34.61 - - - 71,711.79 2,071.85 0.72 34,393.82 993.68 0.84 - - -
Paddy field (PD) 216.77 370,649.24 1,709.89 0.64 532,546.17 2,456.76 0.86 1,949,781.55 8,994.80 7.61 3,468.57 16.00 0.79
Field crop (FC) 22.23 1,620,047.66 72,871.53 27.38 330,178.40 14,851.79 5.19 621,399.75 27951.24 23.64 11,205.02 504.01 24.84
Para rubber (RB) 23.26 881,129.51 37,879.09 14.23 411,909.09 17,707.66 6.19 360,094.45 15,480.19 13.09 4,603.54 197.90 9.75
Perennial tree and orchard (PO) 87.04 2,730,250.55 31,369.17 11.79 1,422,950.50 16,348.97 572 1,803,657.21 20,723.09 17.53 18,459.97 212.10 10.45
Forest land (FO) 422.30 655,935.32 1,553.25 0.58 84,851,457.76 200,927.15 70.25 1,010,499.78 2,392.85 2.02 347.43 0.82 0.04
Water body (WB) 36.57 - - - 588,817.47 16,099.98 5.63 547,564.20 14,971.99 12.66 - - -
Rangeland (RL) 29.70 141,360.59 4,759.68 1.79 179,338.67 6,038.42 2.11 287,969.88 9,696.09 8.20 543.28 18.29 0.90
Wetland (WL) 15.79 - - - 19,960.05 1,264.21 0.44 30,016.48 1,901.15 1.61 - - -
Miscellaneous land (ML) 3.08 357,201.76 115,966.47 43.58 25,380.60 8,239.88 2.88 46,612.75 15,132.95 12.80 3,326.71 1,080.02 53.23
Total 891.35  6,756,574.63 100.00 88,434,250.51 100.00 6,691,989.86 100.00 41,954.52 100.00
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Table 6.15 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2024 under
Scenario |.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 34.99 - - - 68,049.37 1,944.55 0.73 31,176.54 890.89 0.81 - - -
Paddy field (PD) 215.77 334,706.64 1,551.24 0.64 479,250.25 2,221.14 0.84 1,792,306.41 8,306.65 7.54 3,128.76 14.50 0.74
Field crop (FC) 22.31 1,464,172.30 65,631.27 26.88 292,624.62 13,116.85 4.95 571,767.05 25,629.36 23.28 10,619.53 476.02 24.38
Para rubber (RB) 24.10 839,897.93 34,844.48 14.27 396,815.92 16,462.53 6.22 343,633.88 14,256.19 12.95 4,412.44 183.06 9.38
Perennial tree and orchard (PO) 88.95 2,555,960.07 28,734.40 11.77 1,331,399.73 14,967.75 5.65 1,683,880.23 18,930.37 17.19 17,272.01 194.17 9.95
Forest land (FO) 418.63 603,355.59 1,441.25 0.59 78,235,266.44 186,882.10 70.55 912,596.14 2,179.94 1.98 320.92 0.77 0.04
Water body (WB) 37.36 - - - 553,907.21 14,828.15 5.60 522,314.74 13,982.41 12.70 - - -
Rangeland (RL) 30.29 131,890.49 4,354.31 1.78 168,227.67 5,553.97 2.10 273,847.42 9,040.96 8.21 518.33 17.11 0.88
Wetland (WL) 15.76 - - - 18,176.41 1,153.43 0.44 28,683.07 1,820.15 1.65 - - -
Miscellaneous land (ML) 3.19 342,719.98 107,596.85 44.07 24,692.55 7,7152.22 293 48,003.49 15,070.68 13.69 3,397.69 1,066.70 54.64
Total 891.35  6,272,703.02 100.00 81,568,410.17 100.00 6,208,208.97 100.00 39,669.68 100.00

Table 6.16 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2025 under
Scenario |.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 35.39 - - - 86,14- 2,433.85 0.78 37,676.71 1,064.54 0.79 - - -
Paddy field (PD) 21481 391,103.27 1,820.74 0.64 558,156.78 2,598.43 0.83 2,128,721.17 9,910.01 7.38 3,657.99 17.03 0.73
Field crop (FC) 2243 1,721,569.12 76,764.70 26.95 342,369.28 15,266.23 4.89 720,960.02 32,147.58 2393 13,155.40 586.60 25.08
Para rubber (RB) 24.99 1,034,332.93 41,391.11 14.53 491,487.14 19,667.94 6.30 420,778.80 16,838.39 12.54 5,561.65 222.56 9.52
Perennial tree and orchard (PO) 90.94 3,081,252.45 33,880.81 11.89 1,594,890.22 17,537.08 5.62 1,999,583.67 21,987.01 16.37 20,814.64 228.87 9.79
Forest land (FO) 415.00 705,243.10 1,699.37 0.60 91,350,249.13 220,120.23 70.56 1,039,050.84 2,503.73 1.86 375.08 0.90 0.04
Water body (WB) 38.16 - - - 663,025.57 17,373.67 557 643,966.88 16,874.26 12.56 - - -
Rangeland (RL) 30.91 160,440.36 5,189.78 1.82 204,352.08 6,610.20 212 333,109.31 10,775.12 8.02 625.53 20.23 0.87
Wetland (WL) 15.44 - - - 21,310.02 1,380.53 0.44 32,963.42 2,135.48 1.59 - - -
Miscellaneous land (ML) 3.28 406,826.35 124,118.33 43.57 29,366.83 8,959.50 2.87 65,842.97 20,087.98 14.95 4,138.89 1,262.73 53.99
Total  891.35  7,500,767.58 100.00 95,341,347.05 100.00 7,422,653.80 100.00 48,329.18 100.00
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Table 6.17 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2026 under
Scenario |.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 35.76 - - - 105,466.50 2,949.49 0.81 45,131.74 1,262.16 0.78 - - -
Paddy field (PD) 213.81 452,996.62 2,118.71 0.64 643,383.36 3,009.17 0.83 2,492,233.81 11,656.44 7.21 4,223.68 19.75 0.70
Field crop (FC) 22.51 1,995,289.67 88,624.09 2691 396,056.76 17,591.52 4.83 921,764.60 40,941.70 2532 16,624.44 738.40 26.20
Para rubber (RB) 25.86 1,258,865.01 48,686.01 14.78 612,381.27 23,683.56 6.51 504,974.71 19,529.66 12.08 6,880.22 266.09 9.44
Perennial tree and orchard (PO) 92.89 3,678,918.91 39,605.53 12.03 1,893,849.73 20,388.31 5.60 2,363,628.64 25,445.73 15.74 24,809.63 267.09 9.48
Forest land (FO) 411.35 815,446.13 1,982.35 0.60 105,474,964.12 256,409.33 70.44 1,144,372.63 2,781.97 1.72 432.36 1.05 0.04
Water body (WB) 38.97 - - - 788,343.23 20,231.97 5.56 776,771.55 19,934.99 12.33 - - -
Rangeland (RL) 31.52 191,977.68 6,090.24 1.85 246,150.92 7,808.81 2.15 409,614.09 12,994.46 8.04 750.72 23.82 0.85
Wetland (WL) 15.30 - - - 24,855.83 1,624.18 0.45 38,404.09 2,509.49 1.55 - - -
Miscellaneous land (ML) 3.38 480,681.30 142,203.43 43.18 34,815.48 10,299.72 2.83 83,198.65 24,613.26 15.22 5,076.93 1,501.94 53.30
Total  891.35 329,310.36  100.00 110,220,267.19 100.00 8,780,094.51 100.00 58,797.97 100.00

Table 6.18 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2027 under
Scenario |.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 36.15 - - - 77,383.29 2,140.76 0.82 32,768.02 906.51 0.77 - - -
Paddy field (PD) 212.79 312,907.13 1,470.52 0.63 443,815.16 2,085.72 0.80 1,760,277.56 8,272.47 7.02 2,920.67 13.73 0.68
Field crop (FCO) 22.58 1,397,106.66 61,883.00 26.70 275,086.44 12,184.59 4.68 705,160.57 31,234.16 26.49 12,004.80 531.74 26.41
Para rubber (RB) 26.69 918,434.73 34,405.56 14.85 441,987.43 16,557.33 6.36 360,382.38 13,500.31 11.45 5,083.55 190.44 9.46
Perennial tree and orchard (PO) 94.82 2,652,292.18 27,971.38 12.07 1,369,340.04 14,441.22 5.55 1,707,813.63 18,010.80 15.28 17,963.91 189.45 9.41
Forest land (FO) 407.68 578,490.83 1,418.99 0.61 75,130,976.04 184,289.73 70.84 699,233.21 1,715.16 1.45 308.26 0.76 0.04
Water body (WB) 39.76 - - - 581,514.77 14,627.36 5.62 619,468.23 15,582.03 13.22 - - -
Rangeland (RL) 32.13 136,997.35 4,263.21 1.84 176,196.91 5,483.06 211 305,012.53 9,491.67 8.05 543.27 16.91 0.84
Wetland (WL) 15.27 - - - 17,305.57 1,133.04 0.44 26,786.08 1,753.75 1.49 - - -
Miscellaneous land (ML) 3.48 349,204.05 100,338.95 43.30 25,019.25 7,188.93 2.76 60,648.60 17,426.54 14.78 3,724.55 1,070.20 53.16
Total  891.35 231,751.61  100.00 78,538,624.89 100.00 6,277,550.83 100.00 42,549.03 100.00
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Table 6.19 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2028 under
Scenario |.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 36.50 - - - 85,826.32 2,351.40 0.85 35,53~ 973.42 0.76 - - -
Paddy field (PD) 211.82 330,156.83 1,558.69 0.63 466,999.38 2,204.73 0.79 1,889,911.10 8,922.36 6.95 3,082.15 14.55 0.67
Field crop (FC) 22.69 1,517,436.05 66,872.17 27.11 294,947.98 12,998.12 4.67 802,965.55 35,386.04 21.57 13,490.08 594.50 27.23
Para rubber (RB) 27.57 1,025,420.43 37,187.36 15.08 488,110.42 17,701.56 6.36 397,030.56 14,398.50 11.22 5,672.85 205.73 9.42
Perennial tree and orchard (PO) 96.77 2,882,644.75 29,788.84 12.08 1,484,911.13 15,344.86 551 1,887,380.74 19,503.92 15.20 19,619.48 202.74 9.29
Forest land (FO) 404.03 613,529.15 1,518.53 0.62 79,739,664.64 197,361.57 70.93 704,188.67 1,742.92 1.36 326.89 0.81 0.04
Water body (WB) 40.58 - - - 638,142.97 15,727.36 5.65 683,881.25 16,854.60 13.13 - - -
Rangeland (RL) 32.72 148,835.69 4,548.10 1.84 191,358.55 5,847.51 2.10 322,920.66 9,867.77 7.69 584.57 17.86 0.82
Wetland (WL) 15.10 - - - 18,315.11 1,212.84 0.44 28,315.40 1,875.06 1.46 - - -
Miscellaneous land (ML) 3.57 375,162.91 105,153.92 42.64 26,763.59 7,501.53 2.70 67,161.92 18,824.73 14.67 4,091.02 1,146.67 5253
Total 891.35  6,893,185.82 100.00 83,435,040.09 100.00 6,819,285.86 100.00 46,867.05 100.00

Table 6.20 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2029 under
Scenario |.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 36.90 - - - 92,714.70 2,512.42 0.87 37,124.09 1,006.00 0.75 - - -
Paddy field (PD) 210.84 336,124.96 1,594.22 0.63 475,036.51 2,253.07 0.78 1,930,485.13 9,156.17 6.81 3,136.28 14.88 0.66
Field crop (FC) 22.81 1,597,127.07 70,021.49 27.63 317,178.27 13,905.78 4.84 859,804.91 37,695.70 28.05 14,632.98 641.54 28.55
Para rubber (RB) 28.45 1,104,439.65 38,814.24 15.31 521,838.52 18,339.41 6.39 417,857.54 14,685.12 10.93 6,096.94 214.27 9.54
Perennial tree and orchard (PO) 98.75 3,015,108.92 30,533.70 12.05 1,544,737.86 15,643.40 5.45 1,986,115.79 20,113.19 14.97 20,528.58 207.89 9.25
Forest land (FO) 400.39 626,804.06 1,565.48 0.62 81,487,963.97 203,521.18 70.87 716,284.11 1,788.96 1.33 334.25 0.83 0.04
Water body (WB) 41.35 - - - 670,373.27 16,211.03 5.64 735,919.78 17,796.09 13.24 - - -
Rangeland (RL) 33.36 157,205.71 4,712.78 1.86 201,933.76 6,053.65 211 366,000.33 10,972.11 8.17 605.15 18.14 0.81
Wetland (WL) 14.82 - - - 18,610.69 1,255.69 0.44 29,631.28 1,999.27 1.49 - - -
Miscellaneous land (ML) 3.68 390,369.99 106,215.68 4191 27,550.34 7,496.17 261 70,439.30 19,165.81 14.26 4,224.68 1,149.49 51.16
Total  891.35  7,227,180.35 100.00 85,357,937.88 100.00 7,149,662.25 100.00 49,558.85 100.00
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As results from 2020 to 2029 (Tables 6.11 to 6.20), miscellaneous land causes
the highest average soil erosion with values between 91,336.30 tons/km?in 2022 and
142,203.43 tons/km? in 2026, while forest land generates the lowest average soil
erosion with values between 1,219.47 tons/km?in 2022 and 1,982.35 tons/km? in 2026
Meanwhile, the highest average sediment retention is forest land with values between
256,409.33 in 2026 and 157,986.20 tons/km2 in 2022, while the lowest average
sediment retention is a wetland with values between 980.36 tons/km? in 2022 and
1,624.18 tons/km? in 2026.

In the meantime, the highest sediment deposition appears on field crops with
values between 40,941.70 in 2026 and 21,381.41 tons/km? in 2022, while the lowest
average sediment deposition is the urban and built-up area with values between
747.15 tons/km? in 2022 and 1,262.16 tons/km? in 2026. At the same time,
miscellaneous land causes the highest average sediment export with values between
819.56 tons/km? in 2022 and 1,501.94 tons/km?in 2026 and, while the forest land
generates the lowest average sediment export with values between 0.65 tons/km? in
2022 and 1.05 tons/km? in 2026.

This finding suggests that variation of predicted rainfall erosivity from 2020 to
2029 has a direct effect on sediment export, while the LULC data under this scenario
has low influences due to LULC data of Scenario | (Trend of LULC evolution) is
simulated based on the annual rate of LULC change from the transition area matrix
between 2009 and 2019, which does not represent dramatically change under this

scenario.

6.5 Sediment export estimation of predictive LULC of Scenario Il
Estimation of total and average soil loss, sediment retention, sediment
deposition, and sediment export of predictive LULC between 2020 and 2029 under
Scenario Il (Maximization of ecosystem service values) is presented in Table 6.21.
As a result, it was found that the highest total and average soil erosion under
Scenario Il (Maximization of ecosystem service values) are about 8.46 million tons and
9,490.50 tons/km? occurring in 2026, while the lowest total and average soil erosion

are about 5.17 million tons and 5,796.56 tons/km? occurring in 2022. Likewise, the
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highest total and average sediment export under this scenario are about 0.05 million
tons and 53.98 tons/km? occurring in 2026. The lowest total and average sediment
exports are about 0.03 million tons and 33.87 tons/km? in 2022. Meanwhile, the highest
total and average sediment retention under this scenario are about 110.23 million tons
and 123,667.41 tons/km? in 2026. The lowest total and average sediment retention are
about 70.08 million tons and 78,617.03 tons/km? occurring in 2022. Simultaneously,
the highest total and average sediment deposition are about 8.38 million tons and
9,406.58 tons/km? in 2026. The lowest total and average sediment deposition are
about 5.12 million tons and 5,744.13 tons/km? occurring in 2022. These results indicate
that the primary influence of LULC types and the rainfall erosivity factor in the RUSLE
model affect soil erosion, sediment retention, sediment deposition, and sediment
export.

The contribution of the predictive LULC of Scenario Il (Maximization of
ecosystem service values) on soil erosion, sediment retention, sediment deposition,
and sediment export between 2020 and 2029 is summarized in Tables 6.22 to 6.31.
The spatial distribution of sediment export of the predictive LULC between 2020 and
2029 of Scenario Il is displayed in Figures 6.14 to 6.17.



Table 6.21 Estimation of soil erosion, sediment retention, sediment deposition, and sediment export between 2020 and 2029 under

Scenario Il: Maximization of ecosystem service values.

Area Soil erosion Sediment retention Sediment deposition Sediment export
Year Average Average Average Average
km? Total (tons) Total (tons) Total (tons) Total (tons)
(tons/km?) (tons/km?) (tons/km?) (tons/km?)
2020 891.35 6,856,106.69 7,691.82 93,770,910.15 105,201.00 6,793,134.04 7,621.17 40,979.13 4597
2021 891.35 5,804,322.37 6,511.83 78,968,909.15 88,594.73 5,751,535.65 6,452.61 34,149.06 38.31
2022 891.35 5,166,761.22 5,796.56 70,075,293.08 78,617.03 5,120,030.04 5,744.13 30,190.61 33.87
2023 891.35 6,615,079.56 7,421.42 88,437,718.65 99,217.72 6,555,364.05 7,354.42 38,483.96 43.17
2024 891.35 6,099,038.63 6,842.47 81,572,423.10 91,515.59 6,043,806.45 6,780.51 35,659.13 40.01
2025 891.35 7,219,372.95 8,099.37 95,348,148.66 106,970.49 7,154,800.25 8,026.93 41,526.64 46.59
2026 891.35 8,459,357.14 9,490.50 110,230,950.08 123,667.41 8,384,556.65 9,406.58 48,115.01 53.98
2027 891.35 5,983,939.89 6,713.34 78,547,323.01 88,121.75 5,932,154.50 6,655.25 33,851.75 37.98
2028 891.35 6,404,707.69 7,185.40 83,445,689.76 93,617.20 6,351,218.30 7,125.39 36,216.79 40.63
2029 891.35 6,617,327.19 7,423.94 85,369,894.18 95,775.95 6,563,157.11 7,363.16 37,599.82 42.18
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Table 6.22 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2020 under
Scenario Il.
Area Soil erosion Sediment retention Sediment deposition Sediment export
LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %
(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 33.36 - - - 66,315.50 1,987.59 0.66 34,202.18 1,025.10 0.93 - - -
Paddy field (PD) 219.74 406,955.65 1,852.00 0.64 582,844.87 2,652.45 0.89 2,080,832.78 9,469.61 8.61 3,742.08 17.03 0.82
Field crop (FC) 21.85 1,755912.74 80,374.90 27.66 376,905.87 17,252.44 5.76 464,393.61 21,257.09 19.34 11,605.33 531.22 2554
Para rubber (RB) 20.67 844,630.49 40,869.65 14.06 394,175.16 19,073.19 6.37 301,784.26 14,602.62 13.28 4,242.79 205.30 9.87
Perennial tree and orchard (PO) 81.16 2,695,020.42 33,205.98 11.43 1,407,814.15 17,346.01 5.79 1,853,793.91 22,841.03 20.78 17,775.67 219.02 10.53
Forest land (FO) 434.86 697,662.23 1,604.35 0.55 90,125,988.80 207,255.03 69.22 1,314,810.41 3,023.56 2.75 365.69 0.84 0.04
Water body (WB) 33.57 - - - 602,847.35 17,958.00 6.00 474,409.54 14,132.01 12.86 - - -
Rangeland (RL) 25.87 129,626.65 5,010.34 1.72 168,024.61 6,494.50 217 199,677.72 7,717.96 7.02 466.32 18.02 0.87
Wetland (WL) 17.72 - - - 25,728.62 1,451.85 0.48 33,527.96 1,891.96 1.72 - - -
Miscellaneous land (ML) 2.56 326,298.50 127,700.83 43.94 20,265.20 7,931.03 2.65 35,701.68 13,972.28 1271 2,781.25 1,088.47 52.33
Total 33.36 6,856,106.69 100.00 93,770,910.15 100.00 6,793,134.04 100.00 40,979.13 100.00
Table 6.23 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2021 under
Scenario Il.
Area Soil erosion Sediment retention Sediment deposition Sediment export
LULC types Total Average Total Average Total Average Average
km? % % % Total (tons) %
(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 33.84 - - - 58,382.98 1,725.27 0.68 28,861.24 852.88 0.87 - - -
Paddy field (PD) 218.73 338,563.01 1,547.86 0.62 481,992.57 2,203.59 0.87 1,698,535.19 7,765.43 7.92 3,100.14 14.17 0.86
Field crop (FC) 21.82 1,458,034.45 66,808.67 26.82 318,836.50 14,609.42 5.77 426,057.64 19,522.41 19.90 9,722.21 445.48 27.11
Para rubber (RB) 21.50 726,199.66 33,782.22 13.56 337,780.09 15,713.25 6.20 290,995.45 13,536.87 13.80 3,670.05 170.73 10.39
Perennial tree and orchard (PO) 83.12 2,316,787.34 27,874.20 11.19 1,198,927.66 14,424.78 5.69 1,567,164.35 18,855.19 19.22 14,998.04 180.45 10.98
Forest land (FO) 432.77 586,924.60 1,356.20 0.54 75,883,064.51 175,342.57 69.19 1,046,033.83 2,417.06 2.46 308.37 0.71 0.04
Water body (WB) 33.57 - - - 507,113.60 15,106.22 5.96 407,387.14 12,135.51 12.37 - - -
Rangeland (RL) 24.51 103,339.87 4,215.94 1.69 134,230.60 5,476.18 2.16 164,322.76 6,703.84 6.83 376.15 15.35 0.93
Wetland (WL) 19.07 - - - 31,244.01 1,638.06 0.65 94,745.11 4,967.28 5.06 - - -
Miscellaneous land (ML) 242 274,473.44 113,528.11 4557 17,336.64 7,170.81 2.83 27,432.94 11,346.85 11.57 1,974.11 816.53 49.68
Total 891.35 5,804,322.37 100.00 78,968,909.15 100.00 5,751,535.65 100.00 34,149.06 100.00
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Table 6.24 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2022 under
Scenario |l.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 34.22 - - - 53,897.89 1,574.93 0.70 24,776.55 723.99 0.81 - - -
Paddy field (PD) 217.75 295,175.55 1,355.57 0.60 417,389.43 1,916.83 0.85 1,498,540.91 6,881.92 7.72 2,697.17 12.39 0.84
Field crop (FC) 21.82 1,284,630.17 58,869.85 26.16 282,140.34 12,929.45 573 417,332.68 19,124.81 21.45 8,711.65 399.22 27.23
Para rubber (RB) 22.37 656,331.95 29,341.05 13.04 304,162.99 13,597.48 6.03 273,987.97 12,248.52 13.74 3,239.04 144.80 9.88
Perennial tree and orchard (PO) 85.05 2,082,678.29 24,488.86 10.88 1,072,359.40 12,609.17 5.59 1,398,309.11 16,441.80 18.44 13,267.93 156.01 10.64
Forest land (FO) 430.71 520,093.34 1,207.54 0.54 67,334,943.88 156,336.50 69.31 882,711.48 2,049.46 2.30 274.26 0.64 0.04
Water body (WB) 33.57 - - - 448,337.14 13,355.35 5.92 369,675.16 11,012.12 12.35 - - -
Rangeland (RL) 23.16 85,455.78 3,689.14 1.64 110,285.04 4,761.03 2.11 132,387.11 5,715.18 6.41 309.93 13.38 0.91
Wetland (WL) 20.42 - - - 36,448.10 1,785.23 0.79 99,258.01 4,861.67 5.45 - - -
Miscellaneous land (ML) 2.29 242,396.15 106,074.03 47.14 15,328.88 6,708.01 297 23,051.08 10,087.29 11.32 1,690.63 739.83 50.46
Total  891.35 5,166,761.22 100.00 70,075,293.08 100.00 5,120,030.04 100.00 30,190.61 100.00

Table 6.25 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2023 under
Scenario |l.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % % Total (tons) %

(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 34.60 - - - 74,189.32 2,144.05 0.75 42,245.37 1,220.88 1.06 - - -
Paddy field (PD) 216.77 373,909.14 1,724.91 0.61 527,321.33 2,432.63 0.85 1,912,467.01 8,822.56 7.64 3,411.36 15.74 0.86
Field crop (FC) 21.81 1,626,674.03 74,578.63 26.23 355,929.98 16,318.43 571 570,587.49 26,159.90 22,67 10,901.17 499.79 27.47
Para rubber (RB) 23.23 863,640.76 37,171.21 13.07 397,947.68 17,127.72 5.99 357,865.20 15,402.57 13.35 4,297.19 184.95 10.16
Perennial tree and orchard (PO) 87.01 2,703,784.91 31,074.02 10.93 1,384,268.40 15,909.10 S 7} 1,797,479.51 20,658.05 17.90 17,211.74 197.81 10.87
Forest land (FO) 428.65 657,107.26 1,532.96 0.54 84,924,405.34 198,119.44 69.32 1,071,059.55 2,498.67 2.16 346.35 0.81 0.04
Water body (WB) 33.57 - - - 569,294.00 16,958.49 5.93 487,838.31 14,532.04 12.59 - - -
Rangeland (RL) 21.78 102,858.33 4,721.73 1.66 132,208.02 6,069.03 2.12 130,767.82 6,002.92 5.20 373.94 17.17 0.94
Wetland (WL) 21.76 - - - 54,496.99 2,503.99 0.88 157,347.65 7,229.71 6.26 - - -
Miscellaneous land (ML) 215 287,105.12 133,527.90 46.96 17,657.60 8,212.26 2.87 27,706.15 12,885.68 11.16 1,942.22 903.29 49.64
Total 891.35 6,615,079.56 100.00 88,437,718.65 100.00 6,555,364.05 100.00 38,483.96 100.00
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Table 6.26 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2024 under
Scenario |l.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 34.99 - - - 73,121.05 2,089.92 0.79 42,888.48 1,225.82 115 - - -
Paddy field (PD) 215.78 338,118.12 1,566.94 0.61 475,913.08 2,205.52 0.84 1,746,137.75 8,092.11 7.60 3,079.97 14.27 0.85
Field crop (FC) 21.81 1,489,780.19 68,318.08 26.42 322,740.78 14,800.19 561 526,953.19 24,164.93 22.69 10,069.14 461.75 27.40
Para rubber (RB) 24.09 816,032.15 33,871.94 13.10 379,355.79 15,746.33 597 335,776.20 13,937.43 13.08 4,111.28 170.65 10.13
Perennial tree and orchard (PO) 88.96 2,518,816.38 28,315.23 10.95 1,288,032.56 14,479.40 5.49 1,678,504.31 18,868.88 17.71 16,070.22 180.65 10.72
Forest land (FO) 426.61 604,781.65 1,417.65 0.55 78,326,534.28 183,602.24 69.60 968,609.89 2,270.48 213 319.28 0.75 0.04
Water body (WB) 33.57 - - - 522,308.84 15,557.71 5.90 460,302.44 13,710.76 12.87 - - -
Rangeland (RL) 20.43 87,830.78 4,299.33 1.66 111,948.12 5,479.88 2.08 94,477.91 4,624.71 4.34 310.56 15.20 0.90
Wetland (WL) 23.10 - - - 57,693.83 2,497.93 0.95 164,966.44 7,142.45 6.71 - - -
Miscellaneous land (ML) 2.02 243,679.35 120,774.35 46.71 14,774.76 7,322.79 2.78 25,189.84 12,484.80 11.72 1,698.69 841.92 49.96
Total  891.35 6,099,038.63 100.00 81,572,423.10 100.00 6,043,806.45 100.00 35,659.13 100.00

Table 6.27 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2025 under
Scenario |l.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % % Total (tons) %

(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 35.39 - - - 95,975.68 2,711.56 0.88 50,655.74 1,431.16 113 - - -
Paddy field (PD) 214.77 395,637.96 1,842.15 0.61 556,529.98 2,591.28 0.84 2,064,980.62 9,614.84 7.62 3,608.14 16.80 0.92
Field crop (FCO) 21.86 1,742,509.80 79,706.66 26.30 365,602.79 16,723.57 5.42 625,962.38 28,633.05 22.70 11,197.81 512.22 2791
Para rubber (RB) 24.98 984,723.72 39,421.67 13.01 454,592.99 18,198.82 5.89 423,14~ 16,939.66 13.43 4,937.60 197.67 10.77
Perennial tree and orchard (PO) 90.81 3,023,003.75 33,287.91 10.99 1,549,132.05 17,058.32 LY, 2,001,759.07 22,042.44 17.47 19,408.09 213.71 11.64
Forest land (FO) 424.52 707,477.21 1,666.53 0.55 91,499,494.05 215,535.21 69.79 1,099,308.24 2,589.52 2.05 373.06 0.88 0.05
Water body (WB) 33.70 - - - 614,629.76 18,239.70 591 558,824.74 16,583.63 13.15 - - -
Rangeland (RL) 19.14 97,245.51 5,079.73 1.68 121,685.27 6,356.37 2.06 105,581.23 5,515.15 4.37 343.83 17.96 0.98
Wetland (WL) 24.27 - - - 74,722.48 3,078.27 1.00 196,788.50 8,106.90 6.43 - - -
Miscellaneous land (ML) 1.89 268,775.00 142,011.18 46.87 15,783.62 8,339.51 2.70 27,799.74 14,688.40 11.64 1,658.10 876.08 ar1.73
Total 891.35 7,219,372.95 100.00 95,348,148.66 100.00 7,154,800.25 100.00 41,526.64 100.00
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Table 6.28 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2026 under
Scenario Il.
Area Soil erosion Sediment retention Sediment deposition Sediment export
LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %
(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 35.42 - - - 113,219.53 3,196.71 0.89 58,459.07 1,650.57 1.15 - - -
Paddy field (PD) 213.82 458,869.48 2,146.00 0.61 643,574.53 3,009.82 0.84 2,405,099.36 11,247.98 7.83 4,151.43 19.42 0.96
Field crop (FC) 21.85 1,993,708.13 91,259.71 25.81 409,445.01 18,741.88 523 752,115.71 34,427.24 23.95 12,801.55 585.98 28.83
Para rubber (RB) 25.87 1,185,288.66 45,818.33 12.96 550,101.28 21,264.63 594 510,897.62 19,749.18 13.74 5,937.73 229.53 11.29
Perennial tree and orchard (PO) 92.90 3,600,121.86 38,754.11 10.96 1,847,753.61 19,890.45 5.56 2,357,811.52 25,381.05 17.66 22,779.03 245.21 12.06
Forest land (FO) 422.49 818,757.19 1,937.95 0.55 105,713,953.57 250,218.17 69.89 1,254,073.21 2,968.31 2.07 431.55 1.02 0.05
Water body (WB) 33.70 - - - 714,420.37 21,201.08 592 668,790.23 19,846.96 13.81 - - -
Rangeland (RL) 17.72 105,885.50 5,976.75 1.69 121,733.10 6,871.27 1.92 105,660.46 5,964.04 4.15 366.24 20.67 1.02
Wetland (WL) 25.82 - - - 99,432.71 3,850.35 1.08 248,868.52 9,636.99 6.70 - - -
Miscellaneous land (ML) 1.77 296,726.30 167,630.22 47.42 17,316.36 9,782.57 273 22,780.95 12,869.69 8.95 1,647.47 930.71 45.79
Total 891.35 8,459,357.14 100.00 110,230,950.08 100.00 8,384,556.65 100.00 48,115.01 100.00

Table 6.29 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2027 under

Scenario II.
Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % % Total (tons) %

(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 36.17 - - - 90,853.95 2,512.20 0.99 54,873.77 1,517.32 1.55 - - -
Paddy field (PD) 212.74 316,842.73 1,489.31 0.60 442,922.44 2,081.94 0.82 1,679,676.69 7,895.26 8.07 2,871.40 13.50 1.05
Field crop (FCO) 21.84 1,399,022.42 64,067.98 25.74 286,055.95 13,099.88 5.14 523,255.06 23,962.37 24.49 9,075.53 415.61 32.29
Para rubber (RB) 26.74 858,305.51 32,095.94 12.90 396,666.86 14,833.17 5.82 364,068.32 13,614.17 1391 4,258.82 159.26 12.37
Perennial tree and orchard (PO) 94.81 2,567,181.22 27,076.64 10.88 1,319,572.99 13,917.84 547 1,711,621.62 18,052.86 18.45 16,287.69 171.79 13.35
Forest land (FO) 420.45 581,369.52 1,382.73 0.56 75,343,049.48 179,195.37 70.37 874,260.31 2,079.33 212 307.18 0.73 0.06
Water body (WB) 33.70 - - - 504,035.23 14,956.60 587 474,413.91 14,077.62 14.39 - - -
Rangeland (RL) 16.35 69,184.30 4,232.45 1.70 76,303.42 4,667.98 1.83 46,444.58 2,841.32 290 220.73 13.50 1.05
Wetland (WL) 26.93 - - - 77,308.83 2,870.53 1.13 192,741.37 7,156.62 7.31 - - -
Miscellaneous land (ML) 1.62 192,034.19 118,531.31 47.63 10,553.88 6,514.29 2.56 10,798.88 6,665.51 6.81 830.38 512.54 39.83
Total 891.35 5,983,939.89 100.00 78,547,323.01 100.00 5,932,154.50 100.00 33,851.75 100.00
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Table 6.30 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2028 under
Scenario |l.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 36.47 - - - 102,761.89 2,817.71 1.04 63,060.66 1,729.11 1.68 - - -
Paddy field (PD) 211.81 334,746.37 1,580.37 0.61 467,825.43 2,208.65 0.82 1,759,871.46 8,308.54 8.08 3,029.52 14.30 1.13
Field crop (FC) 21.86 1,473,854.17 67,417.70 25.85 294,908.97 13,489.86 4.99 566,399.73 25,908.51 25.21 9,782.23 447.46 35.37
Para rubber (RB) 27.56 944,127.12 34,254.75 13.13 438,613.06 15,913.73 5.89 399,355.16 14,489.37 14.10 4,694.94 170.34 13.46
Perennial tree and orchard (PO) 96.70 2,786,053.38 28,810.03 11.05 1,434,948.88 14,838.52 5.49 1,831,294.93 18,937.06 18.42 17,534.96 181.33 14.33
Forest land (FO) 418.34 617,255.32 1,475.48 0.57 80,003,434.88 191,239.38 70.75 914,575.32 2,186.19 213 326.16 0.78 0.06
Water body (WB) 33.70 - - - 536,071.88 15,907.24 5.89 519,036.08 15,401.73 14.99 - - -
Rangeland (RL) 14.97 67,275.98 4,492.99 1.72 67,487.33 4,507.10 1.67 40,947.69 2,734.67 2.66 202.60 13.53 1.07
Wetland (WL) 28.44 - - - 90,484.15 3,181.08 1.18 250,348.97 8,801.32 8.56 - - -
Miscellaneous land (ML) 1.48 181,395.36 122,763.21 47.07 9,153.28 6,194.68 2.29 6,328.30 4,282.81 4.17 646.37 437.45 34.58
Total  891.35 6,404,707.69 100.00 83,445,689.76 100.00 6,351,218.30 100.00 36,216.79 100.00

Table 6.31 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2029 under
Scenario |l.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % % Total (tons) %

(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 36.94 - - - 112,114.84 3,034.84 1.09 73,187.48 1,981.11 1.87 - - -
Paddy field (PD) 210.78 340,351.62 1,614.73 0.60 474,203.25 2,249.76 0.81 1,804,512.88 8,561.13 8.08 3,072.99 14.58 1.13
Field crop (FCO) 21.80 1,507,974.83 69,176.24 25.71 303,308.62 13,913.86 5.01 599,690.11 27,509.95 25.95 10,248.97 470.16 36.37
Para rubber (RB) 28.46 997,929.01 35,067.97 13.03 460,395.26 16,178.63 5.83 416,594.73 14,639.45 13.81 4,975.09 174.83 13.53
Perennial tree and orchard (PO) 98.68 2,903,080.23 29,418.56 10.93 1,485,265.08 15,051.04 542 1,889,381.53 19,146.18 18.06 18,197.16 184.40 14.27
Forest land (FO) 416.34 631,382.15 1,516.52 0.56 81,814,892.20 196,511.37 70.82 927,080.62 2,226.76 2.10 333.37 0.80 0.06
Water body (WB) 33.70 - - - 549,403.24 16,302.83 5.88 540,556.36 16,040.31 15.13 - - -
Rangeland (RL) 13.57 63,002.17 4,641.57 1.72 60,135.28 4,430.36 1.60 35,062.81 2,583.19 244 181.31 13.36 1.03
Wetland (WL) 29.72 - - - 101,500.12 3,415.26 1.23 271,388.79 9,131.65 8.61 - - -
Miscellaneous land (ML) 1.36 173,607.17 127,643.38 47.44 8,676.28 6,379.17 2.30 5,701.82 4,192.22 3.95 590.93 434.48 33.61
Total 891.35 6,617,327.19 100.00 85,369,894.18 100.00 6,563,157.11 100.00 37,599.82 100.00
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Figure 6.14 Spatial distribution of sediment export in 2020, 2021, and 2022 under Scenario II.
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Figure 6.15 Spatial distribution of sediment export in 2023, 2024, and 2025 under Scenario |I.

Sediment export 2024

Sediment export 2025

L0C



N

A

Scenario IT

Sediment export in 2026

ton/ha/year
o High:16.71

-Lowzﬂ

[ 8 2 16

N

A

Scenario IT

Sediment export in 2027

ton/ha/year
g High:11.89

= Low : 0

02 4 8 2 16

N

A

Scenario IT

Sediment export in 2028

ton/ha/year
o High : 12,62

- Low : 0

[ 8 12 16

Sediment export 2026

Figure 6.16 Spatial distribution of sediment export in 2026, 2027, and 2028 under Scenario II.
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As results (Tables 6.22 to 6.31) disclosed that from 2020 to 2029, miscellaneous
land causes the highest average soil erosion with values between 106,074.03 tons/km?
in 2022 and 167,630.22 tons/km? in 2026, while forest land generates the lowest
average soil erosion with values between 1,207.54 tons/km? in 2022 and 1,937.95
tons/km? in 2026. Meanwhile, the highest average sediment retention is forest land,
with values between 156,336.50 tons/km? in 2022 and 250,218.17 tons/km? in 2026.
On the other hand, the lowest average sediment retention is a wetland with a value
of 1,451.85 tons/km? in 2020. However, the wetland area increases between 2020 and
2029, affecting its higher retention with an average value of 3,415.26 tons/km? in 2029,
whereas the paddy field was the lowest retention, with an average value of 2,249.76
tons/km? in 2029.

In the meantime, the highest sediment deposition appears on field crops with
values between 34,427.24 in 2026 and 19,124.81tons/km? in 2022, while the lowest
average sediment deposition is the urban and built-up area with values between
723.99 tons/km? in 2022 and 1,981.11 tons/km? in 2029. Although the area of
miscellaneous land is decreased every year in this scenario, still it causes the highest
average sediment export until 2027 with values between 1,088.47 tons/km? in 2020
and 512.54 tons/km? in 2027, then the field crop turns into the highest average
sediment export in 2028 and 2029 with values between 447.46 tons/km? and 470.16
tons/km?, respectively. In contrast, the forest land generates the lowest average
sediment export with values between 0.64 tons/km? in 2022 and 1.02 tons/km? in
2026.

This finding suggests that variation of predicted rainfall erosivity from 2020 to
2029 directly affects sediment export. Furthermore, the LULC data under this scenario
has influences sediment export due to the LULC data of Scenario Il (Maximization of
ecosystem service values) simulated based on the annual rate of LULC change from
transition area matrix between 2009 and 2019 for some LULC types and the linear
programming to maximize ecosystem service values by reclaiming the area for wetland
with its function to retain the sediment. Therefore, it shows significant LULC change

under this scenario.
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6.6 Sediment export estimation of predictive LULC of Scenario llI

Estimation of total and average soil loss, sediment retention, sediment
deposition, and sediment export of predictive LULC between 2020 and 2029 under
Scenario lll: Economic crop zonation is presented in Table 6.32.

As a result, it was found that the highest total and average soil erosion under
Scenario lll (Economic crop zonation) are about 8.52 million tons and 9,556.45 tons/km?
occurring in 2026, while the lowest total and average soil erosion are about 5.05 million
tons and 5,670.51 tons/km? occurring in 2022. Similarly, the highest total and average
sediment exports are about 0.08 million tons and 85.34 tons/km? in 2026. On the other
hand, the lowest total and average sediment exports in 2022 are about 0.03 million
tons 38.73 tons/km?. Meanwhile, the highest total and average sediment retention are
about 110.20 million tons and 123,636.05 tons/km? in 2026. The lowest total and
average sediment retention are about 70.07 million tons 78,612.18 tons/km? occurring
in 2022. Simultaneously, the highest total and average sediment deposition are about
8.43 million tons and 9,452.05 tons/km? occurring in 2026. The lowest total and
average sediment deposition are about 5.01 million tons and 5,616.50 tons/km?
occurring in 2022.

These results reveal that the primary influence of LULC types and the rainfall
erosivity factor in the RUSLE model affect soil erosion, sediment retention, sediment
deposition, and sediment export like Scenario | and Il. The contribution of the
predictive LULC of Scenario lll (Economic crop zonation) on soil erosion, sediment
retention, sediment deposition, and sediment export between 2020 and 2029 is
summarized in Tables 6.33 to 6.42. The spatial distribution of soil erosion, sediment
retention, sediment deposition, and sediment export of the predictive LULC between
2020 and 2029 of Scenario Ill (Economic crop zonation) is displayed in Figures 6.18 to

6.21.



Table 6.32 Estimation of soil erosion, sediment retention, sediment deposition, and sediment export between 2020 and 2029 under

Scenario Ill (Economic crop zonation).

Area Soil erosion Sediment retention Sediment deposition Sediment export
Year Average

km? Total (tons) Average (tons) Total (tons) Average (tons)  Total (tons) (tons) Total (tons) Average (tons)
2020 891.35 6,827,549.33 7,659.78 93,768,757.96 105,198.58 6,760,994.35 7,585.12 43,130.50 48.39
2021 891.35 5,710,383.07 6,406.44 78,965,730.32 88,591.16 5,655,705.11 6,345.10 37,330.55 41.88
2022 891.35 5,054,407.78 5,670.51 70,070,965.95 78,612.18 5,006,268.60 5,616.50 34,520.48 38.73
2023 891.35 6,506,030.31 7,299.07 88,429,750.45 99,208.78 6,445,336.33 7,230.98 46,451.16 52.11
2024 891.35 6,025,279.69 6,759.72 81,560,632.57 91,502.36 5,965,026.50 6,692.13 47,447.38 53.23
2025 891.35 7,203,860.23 8,081.97 95,330,148.57 106,950.30 7,130,036.54 7,999.14 59,526.42 66.78
2026 891.35 8,518,141.02 9,556.45 110,202,993.74 123,636.05 8,425,084.43 9,452.05 76,068.33 85.34
2027 891.35 6,142,602.94 6,891.35 78,522,081.78 88,093.43 6,070,245.92 6,810.17 59,092.34 66.30
2028 891.35 6,586,200.48 7,389.02 83,414,531.34 93,582.24 6,503,508.42 7,296.25 67,376.26 75.59
2029 891.35 6,835,243.67 7,668.42 85,332,754.97 95,734.29 6,744,804.46 7,566.95 74,740.75 83.85
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Table 6.33 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2020 under

Scenario lI.
Area Soil erosion Sediment retention Sediment deposition Sediment export
LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %
(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 33.20 0.00 0.00 0.00 65,876.57 1,984.24 0.63 31,550.14 950.31 0.67 0.00 0.00 0.00
Paddy field (PD) 226.72 435,388.41 1,920.37 0.53 640,570.09 2,825.37 0.90 2,223,695.72 9,808.08 6.89 4,054.83 17.88 0.59
Field crop (FC) 23.08 1,654,120.71 71,656.22 19.80 347,102.36 15,036.41 4.78 695,104.74 30,111.82 21.16 11,372.04 492.63 16.23
Para rubber (RB) 19.78 817,490.30 41,321.01 11.42 380,965.84 19,256.37 6.12 282,182.84 14,263.27 10.02 4,190.99 211.84 6.98
Perennial tree and orchard (PO) 74.06 2,489,332.17 33,613.42 9.29 1,322,741.42 17,860.96 5.68 1,444,340.72 19,502.91 13.71 16,820.16 227.12 7.48
Forest land (FO) 433.30 697,299.90 1,609.28 0.44 90,104,541.92 207,949.37 66.10 1,267,659.24 2,925.59 2.06 366.96 0.85 0.03
Water body (WB) 34.34 0.00 0.00 0.00 607,799.40 17,699.51 563 472,148.65 13,749.27 9.66 0.00 0.00 0.00
Rangeland (RL) 27.86 158,663.40 5,695.65 1.57 213,394.66 7,660.37 2.44 199,356.84 7,156.45 5.03 562.26 20.18 0.66
Wetland (WL) 16.22 0.00 0.00 0.00 21,677.39 1,336.78 0.42 27,411.63 1,690.39 1.19 0.00 0.00 0.00
Miscellaneous land (ML) 2.79 575,254.44 206,169.93 56.96 64,088.31 22,969.11 7.30 117,543.85 42,127.46 29.61 5,763.26 2,065.54 68.03
Total  891.35 6,827,549.33 100.00 93,768,757.96 100.00 6,760,994.35 100.00 43,130.50 100.00
Table 6.34 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2021 under
Scenario lI.
Area Soil erosion Sediment retention Sediment deposition Sediment export
LULC types Total Average Total Average Total Average Average
km? % % % Total (tons) %
(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 33.78 0.00 0.00 0.00 64,190.06 1,900.11 0.71 37,749.27 1,117.43 091 0.00 0.00 0.00
Paddy field (PD) 232.67 393,959.62 1,693.18 0.56 610,622.62 2,624.37 0.98 1,938,886.95 8,333.07 6.82 3,690.07 15.86 0.61
Field crop (FC) 24.26 1,435,552.65 59,169.50 19.40 297,849.26 12,276.52 4.58 673,837.44 27,773.71 2273 10,782.61 444.43 17.19
Para rubber (RB) 19.83 691,767.32 34,878.04 11.43 321,668.23 16,218.11 6.05 230,971.23 11,645.28 9.53 3,590.53 181.03 7.00
Perennial tree and orchard (PO) 68.78 1,948,836.34 28,332.36 9.29 1,050,906.11 15,278.17 5.70 1,077,835.48 15,669.67 12.82 13,387.94 194.64 7.53
Forest land (FO) 429.61 586,158.04 1,364.40 0.45 75,820,595.01 176,486.98 65.84 1,010,084.75 2,351.17 1.92 309.97 0.72 0.03
Water body (WB) 34.93 0.00 0.00 0.00 514,907.08 14,741.13 5.50 394,031.21 11,280.61 9.23 0.00 0.00 0.00
Rangeland (RL) 28.46 144,843.35 5,089.46 1.67 208,265.25 7,317.95 273 162,063.68 5,694.54 4.66 519.61 18.26 0.71
Wetland (WL) 16.10 0.00 0.00 0.00 18,123.27 1,125.94 0.42 22,459.54 1,395.34 114 0.00 0.00 0.00
Miscellaneous land (ML) 292 509,265.75 174,543.29 57.21 58,603.43 20,085.46 7.49 107,785.57 36,941.91 30.23 5,049.82 1,730.75 66.94
Total 891.35 5,710,383.07 100.00 78,965,730.32 100.00 5,655,705.11 100.00 37,330.55 100.00
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Table 6.35 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2022 under
Scenario |ll.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons) (tons/km?) (tons) (tons/km?) (tons)  (tons/km?) (tons/km?)
Urban and built-up area (UR) 33.94 0.00 0.00 0.00 57,379.13 1,690.74 0.70 33,885.75 998.48 0.90 0.00 0.00 0.00
Paddy field (PD) 238.65 370,315.95 1,551.68 0.56 589,016.94 2,468.08 1.02 1,785,516.97 7,481.61 6.73 3,476.83 14.57 0.59
Field crop (FC) 25.54 1,341,948.03 52,539.31 18.84 300,991.13 11,784.26 4.86 645,844.72 25,285.80 22.76 10,721.26 419.75 17.11
Para rubber (RB) 19.85 614,077.53 30,933.73 11.09 287,438.50 14,479.51 5.97 201,046.05 10,127.55 9.11 3,292.44 165.85 6.76
Perennial tree and orchard (PO) 63.62 1,582,703.93 24,876.69 8.92 844,854.02 13,279.28 5.48 876,501.66 13,776.72 12.40 11,296.12 177.55 7.24
Forest land (FO) 425.98 519,075.71 1,218.54 0.44 67,253,004.97 157,877.44 65.12 850,881.47 1,997.46 1.80 275.89 0.65 0.03
Water body (WB) 35.73 0.00 0.00 0.00 459,489.43 12,859.14 5.30 379,523.80 10,621.25 9.56 0.00 0.00 0.00
Rangeland (RL) 29.06 137,717.63 4,739.56 1.70 202,827.40 6,980.32 2.88 105,708.51 3,637.97 3.27 486.73 16.75 0.68
Wetland (WL) 15.97 0.00 0.00 0.00 15,878.17 994.02 0.41 19,542.76 1,223.44 1.10 0.00 0.00 0.00
Miscellaneous land (ML) 3.00 488,569.01 162,980.73 58.45 60,086.25 20,044.05 8.27 107,816.91 35,966.42 32.37 4,971.20 1,658.33 67.59
Total 891.35 5,054,407.78 100.00 70,070,965.95 100.00 5,006,268.60 100.00 34,520.48 100.00

Table 6.36 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2023 under
Scenario |ll.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % % Total (tons) %

(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 34.56 0.00 0.00 0.00 112,927.42 3,267.11 1.04 45,204.82 1,307.82 0.92 0.00 0.00 0.00
Paddy field (PD) 244.54 507,163.63 2,073.91 0.55 844,453.83 3,453.17 1.10 2,388,416.06 9,766.79 6.90 4,809.79 19.67 0.60
Field crop (FC) 26.74 1,854,017.97 69,330.14 18.29 427,604.83 15,990.08 5.11 800,425.39 29,931.54 21.15 15,832.91 592.06 18.16
Para rubber (RB) 19.87 781,603.94 39,333.12 10.38 365,211.12 18,378.74 5.87 265,342.53 13,352.99 9.43 4,352.70 219.04 6.72
Perennial tree and orchard (PO) 58.31 1,808,366.62 31,012.13 8.18 945,733.02 16,218.61 518 1,054,814.30 18,089.27 12.78 13,674.88 234.51 7.19
Forest land (FO) 422.30 655,369.51 1,551.92 0.41 84,775,147.02 200,747.64 64.15 1,061,101.95 2,512.69 1.78 349.15 0.83 0.03
Water body (WB) 36.43 0.00 0.00 0.00 591,066.72 16,226.93 5.19 497,572.07 13,660.16 9.65 0.00 0.00 0.00
Rangeland (RL) 29.68 178,478.23 6,013.50 1.59 257,366.14 8,671.49 277 164,085.25 5,528.56 391 612.35 20.63 0.63
Wetland (WL) 15.78 0.00 0.00 0.00 20,142.73 1,276.79 0.41 24,591.37 1,558.77 1.10 0.00 0.00 0.00
Miscellaneous land (ML) 3.14 721,030.41 229,794.38 60.61 90,097.63 28,714.36 9.18 143,782.59 45,823.91 32.38 6,819.38 2,173.36 66.67
Total 891.35 6,506,030.31 100.00 88,429,750.45 100.00 6,445,336.33 100.00 46,451.16 100.00
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Table 6.37 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2024 under
Scenario |ll.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons)  (tons/km?) (tons)  (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 34.76 0.00 0.00 0.00 103,731.27 2,984.00 0.99 44,253.59 1,273.03 0.84 0.00 0.00 0.00
Paddy field (PD) 250.55 491,914.70 1,963.36 0.50 835,594.24 3,335.07 1.11 2,234,789.25 8,919.62 5.90 4,692.39 18.73 0.44
Field crop (FC) 2793 1,735,025.40 62,121.70 15.95 395,722.11 14,168.63 4.72 750,903.89 26,885.73 17.77 15,674.86 561.23 13.22
Para rubber (RB) 19.89 717,253.23 36,058.47 9.26 335,569.29 16,870.07 5.62 245,936.46 12,363.96 8.17 4,114.65 206.86 4.87
Perennial tree and orchard (PO) 53.13 1,492,602.03 28,094.07 7.21 785,371.39 14,782.42 4.92 922,196.65 17,357.78 11.47 11,815.46 222.39 5.24
Forest land (FO) 418.60 602,747.38 1,439.91 0.37 78,162,112.33 186,721.85 62.20 968,905.78 2,314.62 1.53 324.33 0.77 0.02
Water body (WB) 37.07 0.00 0.00 0.00 546,998.01 14,755.77 4.92 448,375.07 12,095.33 8.00 0.00 0.00 0.00
Rangeland (RL) 30.61 177,954.09 5,814.14 1.49 259,850.27 8,489.86 2.83 121,418.71 3,967.01 2.62 596.21 19.48 0.46
Wetland (WL) 15.63 0.00 0.00 0.00 18,239.69 1,166.88 0.39 22,650.11 1,449.04 0.96 0.00 0.00 0.00
Miscellaneous land (ML) 3.18 807,782.87 254,001.96 65.21 117,443.97 36,929.48 12.30 205,596.99 64,648.61 42.74 10,229.47 3,216.59 75.75
Total  891.35 6,025,279.69 100.00 81,560,632.57 100.00 5,965,026.50 100.00 47,447.38 100.00

Table 6.38 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2025 under
Scenario |ll.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % % Total (tons) %

(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 35.41 0.00 0.00 0.00 123,685.23 3,492.95 0.97 52,137.37 1,472.39 0.79 0.00 0.00 0.00
Paddy field (PD) 256.39 617,210.01 2,407.33 0.49 1,067,396.68 4,163.21 1.16 2,676,797.56 10,440.42 5.59 5,935.18 23.15 0.43
Field crop (FC) 29.15 2,136,169.26 73,283.11 14.86 513,104.18 17,602.48 4.90 973,567.41 33,399.06 17.88 20,817.25 714.15 13.24
Para rubber (RB) 19.89 844,533.24 42,451.88 8.61 395,274.04 19,869.11 5.53 309,528.45 15,558.97 8.33 5,041.37 253.41 470
Perennial tree and orchard (PO) 4791 1,570,639.18 32,784.24 6.65 812,093.04 16,950.97 4.72 1,055,527.80 22,032.23 11.79 12,927.27 269.83 5.00
Forest land (FO) 414.93 704,485.90 1,697.85 0.34 91,267,020.70 219,958.11 61.22 1,099,163.23 2,649.04 1.42 380.29 0.92 0.02
Water body (WB) 37.96 0.00 0.00 0.00 652,923.28 17,199.09 4.79 535,035.15 14,093.72 7.54 0.00 0.00 0.00
Rangeland (RL) 30.94 218,993.45 7,077.51 1.44 315,793.88 10,205.94 2.84 129,874.48 4,197.33 2.25 720.66 23.29 0.43
Wetland (WL) 15.43 0.00 0.00 0.00 21,263.26 1,377.95 0.38 27,576.24 1,787.06 0.96 0.00 0.00 0.00
Miscellaneous land (ML) 3.34 1,111,829.18 333,358.69 67.61 161,594.29 48,450.66 13.49 270,828.86 81,202.36 43.46 13,704.40 4,108.98 76.18
Total 891.35 7,203,860.23 100.00 95,330,148.57 100.00 7,130,036.54 100.00 59,526.42 100.00
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Table 6.39 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2026 under
Scenario |ll.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % % Total (tons) %

(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 35.75 0.00 0.00 0.00 144,697.61 4,047.20 0.95 65,581.87 1,834.33 0.81 0.00 0.00 0.00
Paddy field (PD) 262.42 769,083.24 2,930.72 0.48 1,351,018.93 5,148.29 1.21 3,169,732.16 12,078.81 532 7,345.63 27.99 0.38
Field crop (FC) 30.40 2,603,114.74 85,636.86 13.92 630,540.94 20,743.44 4.87 1,397,765.09 45,983.45 20.23 28,158.62 926.36 12.70
Para rubber (RB) 19.89 982,006.82 49,380.84 8.03 458,862.63 23,074.20 5.42 382,269.81 19,222.68 8.46 6,104.53 306.97 4.21
Perennial tree and orchard (PO) 42.65 1,608,703.39 37,716.07 6.13 810,277.39 18,996.97 4.46 1,025,374.16 24,039.91 10.58 13,593.58 318.70 4.37
Forest land (FO) 411.24 814,449.49 1,980.49 0.32 105,384,737.23 256,263.20 60.20 1,243,866.63 3,024.70 1.33 442.83 1.08 0.01
Water body (WB) 38.71 0.00 0.00 0.00 773,708.21 19,987.18 4.70 593,435.52 15,330.21 6.75 0.00 0.00 0.00
Rangeland (RL) 31.56 266,300.87 8,436.66 1.37 408,438.55 12,939.72 3.04 178,817.08 5,665.09 2.49 903.45 28.62 0.39
Wetland (WL) 15.29 0.00 0.00 0.00 24,648.65 1,611.70 0.38 31,576.83 2,064.71 0.91 0.00 0.00 0.00
Miscellaneous land (ML) 3.44 1,474,482.46 429,222.44 69.76 216,063.60 62,896.20 14.77 336,665.28 98,003.40 43.13 19,519.69 5,682.19 77.92
Total 891.35 8,518,141.02 100.00 110,202,993.74 100.00 8,425,084.43 100.00 76,068.33 100.00

Table 6.40 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2027 under
Scenario |ll.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % % Total (tons) %

(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 36.10 0.00 0.00 0.00 102,865.87 2,849.67 0.92 44,582.30 1,235.05 0.69 0.00 0.00 0.00
Paddy field (PD) 268.46 570,213.86 2,124.01 0.45 1,024,183.73 3,815.01 1.23 2,253,866.63 8,395.50 4.66 5,435.61 20.25 0.33
Field crop (FC) 31.62 1,950,403.79 61,678.27 13.06 499,821.34 15,806.02 5.10 1,016,423.80 32,142.71 17.84 22,730.31 718.81 11.68
Para rubber (RB) 19.88 691,677.64 34,790.20 7.37 323,812.51 16,287.21 5.25 295,688.70 14,872.63 8.26 4,371.47 219.88 3.57
Perennial tree and orchard (PO) 37.46 956,191.91 25,523.89 5.40 446,819.11 11,927.06 3.85 697,597.30 18,621.15 10.34 8,052.51 214.95 3.49
Forest land (FO) 407.57 577,834.20 1,417.76 0.30 75,074,511.02 184,200.93 59.42 881,477.73 2,162.77 1.20 316.57 0.78 0.01
Water body (WB) 39.48 0.00 0.00 0.00 552,201.50 13,987.66 451 414,605.62 10,502.26 5.83 0.00 0.00 0.00
Rangeland (RL) 32.14 193,248.76 6,013.23 1.27 302,486.22 9,412.32 3.04 139,818.56 4,350.67 242 674.62 20.99 0.34
Wetland (WL) 15.11 0.00 0.00 0.00 16,818.36 1,112.98 0.36 20,979.23 1,388.34 0.77 0.00 0.00 0.00
Miscellaneous land (ML) 3.53 1,203,032.77 340,778.59 72.15 178,562.11 50,580.62 16.32 305,206.05 86,454.57 48.00 17,511.25 4,960.35 80.58
Total 891.35 6,142,602.94 100.00 78,522,081.78 100.00 6,070,245.92 100.00 59,092.34 100.00
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Table 6.41 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2028 under
Scenario |ll.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % %  Total (tons) %

(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 36.65 0.00 0.00 0.00 110,999.06 3,028.82 0.90 44,777.50 1,221.84 0.62 0.00 0.00 0.00
Paddy field (PD) 274.37 642,785.57 2,342.75 0.45 1,172,360.54 4,272.89 1.27 2,455,887.92 8,950.95 4.56 6,168.35 22.48 0.30
Field crop (FC) 32.79 2,141,941.22 65,318.42 12.43 546,230.77 16,657.29 4.94 1,121,506.71 34,200.31 17.41 25,281.36 770.95 10.13
Para rubber (RB) 19.59 726,948.59 37,100.81 7.06 342,266.43 17,468.03 5.18 316,092.38 16,132.20 8.21 4,804.38 245.20 3.22
Perennial tree and orchard (PO) 32.17 850,122.53 26,426.14 5.03 358,403.36 11,141.00 3.30 696,046.83 21,636.68 11.01 7,154.86 22241 292
Forest land (FO) 403.96 612,856.37 1,517.14 0.29 79,675,562.75 197,238.31 58.47 932,899.95 2,309.41 1.18 336.66 0.83 0.01
Water body (WB) 40.47 0.00 0.00 0.00 600,913.39 14,850.08 4.40 421,175.82 10,408.31 5.30 0.00 0.00 0.00
Rangeland (RL) 32.78 217,892.99 6,646.16 1.27 373,007.65 11,377.46 3.37 148,343.74 4,524.77 2.30 802.50 24.48 0.32
Wetland (WL) 14.96 0.00 0.00 0.00 17,702.58 1,183.44 0.35 21,470.28 1,435.32 0.73 0.00 0.00 0.00
Miscellaneous land (ML) 3.61 1,393,653.21 386,026.45 73.48 217,084.81 60,130.08 17.82 345,307.28 95,646.28 48.68 22,828.15 6,323.14 83.10
Total 891.35 6,586,200.48 100.00 83,414,531.34 100.00 6,503,508.42 100.00 67,376.26 100.00

Table 6.42 Contribution of soil erosion, sediment retention, sediment deposition, and sediment export by LULC classes in 2029 under
Scenario |ll.

Area Soil erosion Sediment retention Sediment deposition Sediment export

LULC types Total Average Total Average Total Average Average
km? % % % Total (tons) %

(tons) (tons/km?) (tons) (tons/km?) (tons) (tons/km?) (tons/km?)
Urban and built-up area (UR) 36.96 0.00 0.00 0.00 115,227.46 3,117.83 0.88 46,301.37 1,252.82 0.60 0.00 0.00 0.00
Paddy field (PD) 280.20 701,203.68 2,502.49 0.45 1,300,386.27 4,640.89 1.31 2,583,781.41 9,221.13 4.38 6,770.19 24.16 0.28
Field crop (FC) 34.11 2,250,767.94 65,980.95 11.77 559,127.71 16,390.75 4.62 1,230,363.43 36,067.93 17.14 28,250.12 828.15 9.49
Para rubber (RB) 19.78 760,063.55 38,428.02 6.85 356,415.56 18,020.00 5.07 328,134.11 16,590.12 7.89 5,186.06 262.20 3.00
Perennial tree and orchard (PO) 26.94 702,090.24 26,059.43 4.65 256,626.29 9,525.18 2.68 585,919.70 21,747.54 10.34 5,796.18 215.14 2.46
Forest land (FO) 400.22 626,024.18 1,564.19 0.28 81,416,902.87 203,428.81 57.29 963,930.96 2,408.48 114 344.84 0.86 0.01
Water body (WB) 41.11 0.00 0.00 0.00 628,353.18 15,284.54 4.30 436,317.39 10,613.31 5.04 0.00 0.00 0.00
Rangeland (RL) 33.44 232,565.13 6,954.21 1.24 416,894.15 12,466.06 3.51 150,879.14 4,511.62 214 911.95 27.27 0.31
Wetland (WL) 14.85 0.00 0.00 0.00 18,114.46 1,219.54 0.34 22,287.85 1,500.51 0.71 0.00 0.00 0.00
Miscellaneous land (ML) 373 1,562,528.95 419,160.13 74.76 264,707.01 71,009.65 20.00 396,889.11 106,468.49 50.61 27,481.40 7,372.09 84.45
Total 891.35 6,835,243.67 100.00 85,332,754.97 100.00 6,744,804.46 100.00 74,740.75 100.00
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Figure 6.18 Spatial distribution of sediment export in 2020, 2021, and 2022 under Scenario IlI.
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Figure 6.19 Spatial distribution of sediment export in 2023, 2024, and 2025 under Scenario 1.
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Figure 6.20 Spatial distribution of sediment export in 2026, 2027, and 2028 under Scenario 1.
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As results from 2020 to 2029 (Tables 6.33 to 6.42), miscellaneous land causes
the highest average soil erosion with values between 162,980.73 tons/km? in 2022 and
429,222.44 tons/km? in 2026, while forest land generates the lowest average soil
erosion with values between 1,218.54 tons/km? in 2022 and 1,980.49 tons/km? in 2026.

Meanwhile, the highest average sediment retention is forest land with values
between 256,263.20 tons/km? in 2026 and 157,877.44 tons/km? in 2022, while the
lowest average sediment retention is a wetland with values between 994.02 tons/km?
in 2022 and 1,611.70 tons/km? in 2026.

In the meantime, the highest sediment deposition appears on miscellaneous
land with values between 106,468.49 in 2029 and 35,966.42 tons/km? in 2022, while
the lowest average sediment deposition is the urban and built-up area with values
between 950.31 tons/km?in 2020 and 1,834.33 tons/km? in 2026.

At the same time, miscellaneous land causes the highest average sediment
export with values between 1,658.33 tons/km? in 2022 and 7,372.09 tons/km? in 2029,
while the forest land generates the lowest average sediment export with values
between 0.65 tons/km? in 2022 and 1.08 tons/km? in 2026. Even though the paddy
field and field crop do not generate the highest sediment export, increasing paddy
field and field crop area by updating the area from zonation generates more sediment
export and soil erosion.

This finding suggests that variation of predicted rainfall erosivity from 2020 to
2029 directly affects sediment export. Besides, the LULC data under this scenario has
influences sediment export due to the LULC data of Scenario Il (Economic crop
zonation) simulated based on the annual rate of LULC change from transition area
matrix between 2009 and 2019 for some LULC types and the economic crop zonation,
particularly the increase of paddy field and field crop areas and decrease of the
perennial tree and orchard areas. Hence, it shows significant LULC change under this

scenario.
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6.7 Comparison of sediment export estimation among three different

scenarios

Under this section, the summary on sediment export between 2020 and 2029
of three different scenarios was compared and discussed. Table 6.43 summarizes the
average sediment export between 2020 and 2029 of three scenarios and is displayed

in Figures 6.22.

Table 6.43 Average sediment export (tons/km?) between 2020 and 2029 of three

different scenarios.

Sediment export

Scenario | Scenario |l Scenario lll
Year
(Trend of (Maximization of (Economic
LULC evolution) ecosystem service values) crop zonation)
2020 46.50 4597 48.39
2021 40.04 38.31 41.88
2022 36.32 33.87 38.73
2023 ar.07 43.17 52.11
2024 44.51 40.01 53.23
2025 54.22 46.59 66.78
2026 65.97 53.98 85.34
2027 47.74 37.98 66.30
2028 52.58 40.63 75.59
2029 55.60 42.18 83.85
Average 49.05 42.27 61.22

As a result, it disclosed that the predictive LULC between 2020 and 2029 of
Scenario Il (Maximization of ecosystem service values) delivers the lowest annual
sediment export than Scenario | and lll, with an average value of 42.27 tons/km?. Due
to the increasing areas of wetland and decreasing areas of rangeland and
miscellaneous land under this scenario can reduce soil loss and sediment export. The

increase of wetland and decrease of rangeland or miscellaneous land are caused by
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linear programming to maximize the ecosystem service values. In contrast, the areas
of miscellaneous land of scenarios | and Il were increased based on the annual change
rate of the Markov chain model. Though the miscellaneous land is a minor increase, it
caused much soil loss and sediment export.

Moreover, Scenario lll (Economic crop zonation) deliveries the highest annual
sediment export than other scenarios since the paddy field and field crop areas
increase according to their suitability classes by the LDD. This finding is similar to Zhou
et al. (2019), who found that the decreases in miscellaneous land (bare land)
significantly contributed to the reductions in sediment export. In contrast, increases in
agricultural land, such as cropland and garden plots, were increased sediment export

in the watershed.

Sediment Export
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2020 2021 2022 2023 2024 2025 2026 2027 2028 2029

2
S
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]
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Figure 6.22 Comparison of sediment export between 2020 and 2029 of three different

scenarios.



CHAPTER VI
NUTRIENT EXPORT ESTIMATION OF THREE DIFFERENT SCENARIOS

This chapter presents the results of the fourth objective focusing on nutrient
export assessment using the nutrient delivery ratio (NDR) model of the INnVEST software
suite from LULC in 2019 and predictive LULC between 2020 and 2029 of three different
scenarios. The main results consist of (1) calibration of nutrient delivery ratio model,
(2) validation of nutrient delivery ratio model, (3) nutrient export estimation of actual
LULC in 2019, (4) nutrient export estimation of predictive LULC of Scenario I, (5) nutrient
export estimation of predictive LULC of Scenario II, (6) nutrient export estimation of
predictive LULC of Scenario lll, and (7) comparison of nutrient export estimation among

three different scenarios are here described and discussed in details.

7.1  Calibration of nutrient delivery ratio model

As mentioned in the previous chapter, this study's calibration and validation
process is processed on the observed data between 2011 and 2015 for model
calibration, while observed data between 2016 and 2018 were applied for model
validation.

The required input data for NDR model calibration were total phosphorus and
nitrogen, annual surface runoff, and LULC data. Due to this study using the past data,
the correlation of TP and TN data and the surface runoff that provides the highest
correlation was first analyzed to estimate the observed data. Herein, the observed
maximum daily nutrient data collected three or four times per year between 2011 and
2015 from six locations in Kwan Phayao Lake by the PCD (Tables 7.1 and 7.2) were
applied to calculate annual observed total nitrogen data (sum of nitrate-nitrogen, NOs-
N, nitrite-nitrogen, NO,-N, ammonia — nitrogen, NHs-N) and total phosphorus data.
Meanwhile, annual runoff in the same years was calculated from daily surface runoff
data of the RID (See Figure 6.1). The required LULC data in the same period were
predicted based on the classified LULC in 2009 and 2019 using the CLUE-S model (See
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Figure 6.2).

Besides, the guideline from the INVEST documentation and the review paper
by Griffin et al. (2020) were applied to calibrate critical parameters of the NDR model.
Herein, the significant model parameters, namely loading N and P (load n, load p),
maximum retention efficiency (eff n, eff p), and critical length (crit_len n, crit_len p),
were systematically adjusted until the satisfied fit was obtained between the modeled
and observed nutrient export based on statistical measurement using R? and PBIAS, as
a summary in Table 7.3. In addition, other parameters as K, and TFA were applied
similarly to the SDR model. Moreover, the wastewater treatment facilities (WWTF) are
relevant to the NDR model parameters by affecting the retention and treatment of
nutrients of that area before export to the streams. Hence, the area within and outside
the WWTF was adjusted by adding values differently. In this study, urban and built-up
areas are within the management of water treatment (The 2017 Industrial Census Basic
Information, Phayao Province), and wetland which is the wastewater treatment by
nature (PWQMP-P2 in 2017), are considered within the WWTF. Other LULC areas are
outside the WWTF.



Table 7.1 Basic information of observed total nitrogen (TN) data of PCD for model calibration.

KPO1 KPO5 KP06 KPO7 KP09 KP010
Year Date Depth TN Depth TN Depth TN Depth TN Depth TN Depth TN
Time Time Time Time Time Time

(m) (mg/V) (m) (mg/\) (m) (mg/V) (m) (mg/V) (m) (mg/V) (m) (mg/V)

2011 2011-12-07 09:53 2.90 0.27 10:10 1.80 0.22 10:21 2.60 0.10 11:17 0.80 0.04 10:31 3.00 0.04 10:44 3.00 0.05
2011-09-01  09:10 3.60 0.00 09:25 2.60 0.11 09:40 3.00 0.00 10:50 1.30 0.00 09:46 3.60 0.06 10:01 3.20 0.00
2011-06-16  09:00 2.80 0.36 09:18 2.30 0.44 09:25 2.50 0.47 15:20 - 0.39 09:35 3.00 0.28 09:47 1.60 0.31
2011-03-18 10:52 2.00 0.21 11:08 1.50 0.21 11:18 1.60 0.11 13:10 1.00 0.21 11:25 2.00 0.21 11:37 1.50 0.21

2012 2012-11-30  09:20 2.90 0.12 09:40 2.30 0.15 10:00 2.50 0.21 07:50 0.60 0.06 10:10 3.00 0.04 10:25 1.70 0.04
2012-08-30  09:20 1.80 0.10 09:36 2.60 0.10 09:49 2.50 0.10 08:00 1.60 0.10 10:00 2.90 0.10 10:16 3.00 0.10
2012-05-30  09:43 2.30 0.21 - 1.80 0.10 - 2.00 0.10 11:19 1.60 0.22 - 2.60 0.10 - 2.00 0.16
2012-03-01  09:15 2.00 0.31 09:30  14.00 0.20 09:45 1.90 0.20 08:00 1.70 0.21 09:50 2.50 0.20 10:05 2.30 0.11

2013 2013-12-13 - 3.30 0.11 - 1.80 0.11 4 2.70 0.11 - 1.60 0.11 - 3.20 0.11 - 1.40 0.11
2013-05-30 10:27 1.40 0.48 10:47 0.80 1.06 11:00 1.20 1.41 12:51 0.70 0.53 11:10 1.60 0.82 11:22 0.20 0.47
2013-02-21 11:30 2.40 0.41 11:55 2.10 0.11 12:05 2.00 0.31 Skl 5) 0.40 0.11 12:15 2.20 0.11 12:25 2.50 0.11

2014 2014-11-20 10:06 3.20 0.20 10:21 2.00 0.81 10:32 2.70 0.19 11:47 2.20 0.15 10:47 3.30 0.14 11:00 1.20 0.12
2014-08-22  09:29 3.40 0.11 09:42 1.80 0.11 09:50 2.50 0.11 07:58 1.80 0.12 09:59 2.90 0.11 10:14 1.00 0.11
2014-06-04 08:37 1.20 0.11 08:52 0.20 0.11 09:01 1.10 0.28 07:18 0.80 0.56 09:09 1.50 0.28 09:21 0.10 0.17

2015 2015-12-23 10:25 1.10 0.11 10:40 0.40 0.11 10:50 0.75 0.11 11:10 0.15 0.11 11:30 0.75 0.11 11:50 0.35 0.12
2015-09-10 08:50 2.15 0.12 09:05 0.30 0.10 09:15 1.15 0.10 09:35 0.80 0.11 10:00 1.00 0.11 10:15 1.05 0.10
2015-05-29 09:35 1.95 0.11 09:50 0.30 0.11 10:00 1.30 0.11 10:25 0.65 0.11 10:40 1.20 0.11 11:00 0.15 0.11
2015-03-12 09:21 2.70 0.40 09:42 1.10 0.40 09:51 2.00 0.40 11:26 1.30 0.20 10:05 2.20 0.40 10:24 0.60 0.40
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Table 7.2 Basic information of observed total phosphorus (TP) data of PCD for model calibration.

KPO1 KPO5 KP06 KPO7 KP09 KP010
Year Date Depth TP Depth TP Depth TP Depth TP Depth TP Depth TP
Time Time Time Time Time Time
(m) (mg/V) (m) (mg/\) (m) (mg/V) (m) (mg/V) (m) (mg/V) (m) (mg/V)
2011 2011-12-07 09:53 2.90 0.06 10:10 1.80 0.09 10:21 2.60 0.13 11:17 0.80 0.11 10:31 3.00 0.14 10:44 3.00 0.08
2011-09-01  09:10 3.60 0.01 09:25 2.60 0.01 09:40 3.00 0.01 10:50 1.30 0.01 09:46 3.60 0.01 10:01 3.20 0.01
2011-06-16  09:00 2.80 0.04 09:18 2.30 0.04 09:25 2.50 0.03 15:20 - 0.07 09:35 3.00 0.05 09:47 1.60 0.05
2011-03-18  10:52 2.00 0.02 11:08 1.50 0.02 11:18 1.60 0.02 13:10 1.00 0.02 11:25 2.00 0.02 11:37 1.50 0.01
2012 2012-11-30  09:20 2.90 0.03 09:40 2.30 0.00 10:00 2.50 0.04 07:50 0.60 0.01 10:10 3.00 0.00 10:25 1.70 0.03
2012-08-30  09:20 1.80 0.06 09:36 2.60 0.06 09:49 2.50 0.06 08:00 1.60 0.06 10:00 2.90 0.07 10:16 3.00 0.04
2012-05-30  09:43 2.30 0.03 - 1.80 0.03 - 2.00 0.03 11:19 1.60 0.06 - 2.60 0.03 - 2.00 0.05
2012-03-01  09:15 2.00 0.06 09:30  14.00 0.06 09:45 1.90 0.05 08:00 1.70 0.04 09:50 2.50 0.06 10:05 2.30 0.04
2013 2013-12-13 - 3.30 0.04 - 1.80 0.04 - 2.70 0.02 - 1.60 0.03 - 3.20 0.02 - 1.40 0.02
2013-05-30 10:27 1.40 0.12 10:47 0.80 0.09 11:00 1.20 0.15 12:51 0.70 0.13 11:10 1.60 0.15 11:22 0.20 0.06
2013-02-21  11:30 2.40 0.04 11:55 2.10 0.05 12:05 2.00 0.04 13:15 0.40 0.03 12:15 2.20 0.04 12:25 2.50 0.03
2014  2014-11-20  10:06 3.20 0.06 10:21 2.00 0.11 10:32 2.70 0.06 1147 2.20 0.08 10:47 3.30 0.06 11:00 1.20 0.06
2014-08-22  09:29 3.40 0.06 09:42 1.80 0.07 09:50 2.50 0.07 07:58 1.80 0.09 09:59 2.90 0.05 10:14 1.00 0.11
2014-06-04 08:37 1.20 0.18 08:52 0.20 0.15 09:01 1.10 0.14 07:18 0.80 0.22 09:09 1.50 0.14 09:21 0.10 0.08
2015 2015-12-23 10:25 1.10 0.05 10:40 0.40 0.04 10:50 0.75 0.03 11:10 0.15 0.04 11:30 0.75 0.03 11:50 0.35 0.03
2015-09-10 08:50 2.15 0.05 09:05 0.30 0.05 09:15 1.15 0.03 09:35 0.80 0.04 10:00 1.00 0.04 10:15 1.05 0.03
2015-05-29 09:35 1.95 0.21 09:50 0.30 0.11 10:00 1.30 0.08 10:25 0.65 0.12 10:40 1.20 0.03 11:00 0.15 0.06
2015-03-12 09:21 2.70 0.10 09:42 1.10 0.10 09:51 2.00 0.09 11:26 1.30 1.26 10:05 2.20 0.10 10:24 0.60 0.09
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Table 7.3 Nutrient delivery ratio model parameters for model calibration.

Initial Maximum Adjusted Calibrated
Parameter  Default value

value value value value
Ks 2 1 2 0.5 1
TFA 1000 1000 1800 200 1800
by LULC ! by LULC
load n 0.5x 3x 0.5x
(See Table 3.11) (Table 7.4)
by LULC 2 by LULC
eff n 0.5x 1x 0.5x
(See Table 3.11) (Table 7.4)
crit len n 30 meters ° 30 10x 5x 150
by LULC ? by LULC
load p 0.5x 3x 0.5x
(See Table 3.11) (Table 7.4)
by LULC 2 by LULC
eff p 0.5x 1x 0.5x
(See Table 3.11) (Table 7.4)
crit len p 30 meters 30 10x 5x 150

Note 1. load_n can be added from default values of all LULC types;
2. eff_n, eff p, load_p, can be added from default values only LULC types outside WWTF
3. crit_len n and crit_len p can be added from default values only LULC types outside WWTF.

According to selected parameters for the model calibration process, the K,
value and TFA were used the same as the SDR model. In general, the K, parameter
determines the relationship between hydrologic connectivity and the nutrient delivery
ratio. At the same time, TFA is used to delineate the stream network that the model
assumes no data at stream pixels, which means where retention stops and the
remaining pollutant will be exported to stream. However, the change of TFA also
changes the number of pixels that contribute to nutrient loading and retention
(Redhead et al., 2018).

Additionally, the nutrient load and maximum retention efficiency are significant
drivers because the nutrient export is calculated as the product of nutrient load and
the NDR, which is proportional to nutrient retention parameters from the downslope.

In addition, the critical length is the distance that it travels across each land cover type
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to retain nutrients at its maximum retention efficiency, viz., the increase of nutrient
load and the critical length has increased the nutrient export. In contrast, the increase
of maximum retention efficiency has decreased nutrient export. So, load n, eff n,
crit len n, load p, eff p, and crit_len p were adjusted according to LULC type and

location (inside or outside wastewater treatment facilities) (Table 7.4).

Table 7.4 Adjusted parameter of NDR model for nitrogen and phosphorus calibration.

LULC types load_n eff n crit_len_n load_p eff_ p crit_len_p
Urban and built-
23.25 0.05 30 1.3 0.05 30

up area (UR)
Paddy field (PD) 33 0.25 150 9 0.25 150
Field crop (FC) 33 0.25 150 9 0.25 150
Para rubber (RP) 30 0.45 150 9 0.45 150
Perennial trees

30 0.45 150 9 0.45 150
and Orchard (PO)
Forest area (FO) 5.4 0.7 150 0.033 0.7 150
Waterbody (WB) 0.003 0.05 150 0.003 0.05 150
Rangeland (RL) 6 0.5 150 0.033 0.5 150
Wetland (WL) 6 0.8 30 0.05 0.8 30
Miscellaneous

12 0.05 150 0.003 0.05 150

land (ML)

Under model calibration, the default values of selected parameters of the NDR
model were first applied to examine each parameter's sensitivity on nutrient export.
Then, systematic adjustment was conducted from the initial to the maximum value to
identify an optimum local parameter based on R? and PBIAS. (See detail in Table 7.3
and 7.4).

Tables 7.5 and 7.6 compare the results and statistical measurement of TN and
TP at default, initial, and maximum value stages under model calibration. As a result
of Table 7.5, it can be observed that results of the estimated TN export between 2010
and 2015 with a default value, initial value, and maximum value provide overestimated
and underestimated value with PBIAS values varying from -25.56% to 77.63% and the
R? values ranging from 0.00 to 0.01. Meanwhile, according to Table 7.6, the estimated
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TP export results between 2010 and 2015 with a default value, initial value, and
maximum value provide overestimated and underestimated value with PBIAS values
varying from 9.74% to 82.59% and the R’ values ranging from 0.48 to 0.52.

These findings indicate that the systematic adjustment for optimum parameters
identification for TN and TP estimation is required to minimize PBIAS value and
maximize the R? value, as reported in Tables 7.2 and 7.3.

The comparison of the observed and estimated nitrogen exports and statistical
measurement values under the calibration period is reported in Table 7.7 and Figure
7.1. Meanwhile, the comparison of the observed and estimated phosphorus exports
and statistical measurement values under the calibration period is reported in Table

7.8 and Figure 7.2.

Table 7.5 Observed and estimated TN export and statistical measurement at default,

initial and maximum value stages.

Default setting for Nitrogen: by LULC (See Table 3.11)

Year  Observed (kg/km?) Estimated TN (kg/km?) R? PBIAS (%)
2011 201.07 69.80

2012 62.16 70.08

2013 327.02 70.46 0.00 60.99
2014 287.12 71.32

2015 27.45 71.35

Initial setting for Nitrogen: load n = 0.5x, eff n = 0.5x, crit_len_n = 30 meters
Year  Observed (kg/km?) Estimated TN (kg/km?) R? PBIAS (%)
2011 201.07 40.02

2012 62.16 40.18

2013 327.02 40.38 0.01 77.63
2014 287.12 40.88

2015 27.45 40.96

Maximum setting for Nitrogen: load n = 3x, eff n = 1x, crit_len_n = 300 meters
Year  Observed (kg/km?) Estimated TN (kg/km?) R? PBIAS (%)
2011 201.07 224.61

2012 62.16 225.59

2013 327.02 226.81 0.00 -25.56
2014 287.12 229.50

2015 27.45 229.60
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Table 7.6 Observed and estimated TP export and statistical measurement at default,

initial and maximum value stages.

Default setting for phosphorus: by LULC (See Table 3.11)
Observed

Year (kg/km?) Estimated TP (kg/km?) R? PBIAS (%)
2011 59.89 15.35

2012 14.04 15.44

2013 34.79 15.57 0.50 71.42
2014 77.98 15.85

2015 86.47 15.86

Initial setting for phosphorus: load p = 0.5x, eff p = 0.5%, crit_len_p = 30 meters

Year C():gs/ekrr\:i;:l Estimated TP (kg/km?) R? PBIAS (%)
2011 59.89 9.36

2012 14.04 9.41

2013 34.79 9.48 0.52 82.59
2014 77.98 9.65

2015 86.47 9.67

Maximum setting for phosphorus: load p = 3x, eff p = 1x, crit_len_p = 300
meters

Year (?:gs/ekrr\:?)d Estimated TP (kg/km?) R? PBIAS (%)
2011 59.89 a8.47

2012 14.04 48.79

2013 34.79 49.18 0.48 9.74
2014 77.98 50.05

2015 86.47 50.08




233

Table 7.7 Comparison of the observed and estimated nitrogen export with a statistical

measurement under the calibration period.

Nitrogen export in kg/km?

Statistical measurement

Year : P : >
Observed data Estimated data PBIAS R Adjusted R

2011 201.07 220.04

2012 62.16 216.84

2013 327.02 218.01 -20.42%  0.5746 0.43

2014 287.12 220.63

2015 27.45 214.04

Observed nitrogen export

(kg/km?)

Relationship between observed and estimated nitrogen export

350.00

300.00

250.00

200.00

150.00

100.00

50.00

y = 38.083x - 8117.8
R? = 0.5746
Adjusted R? = 0.43
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Figure 7.1 Relationship between the observed and estimated nitrogen export under

calibration process.
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Table 7.8 Comparison of the observed and estimated phosphorus export with a

statistical measurement under the calibration period.

Year Phosphorus export in kg/km? Statistical measurement
Observed data  Estimated data PBIAS R? Adjusted R?

2011 59.89 47.50

2012 14.04 46.89

2013 34.79 47.26 12.57% 0.8279 0.77

2014 77.98 48.10

2015 86.47 49.08

Relationship between observed and estimated phosphorus export
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+
g 100.00 .
x| | EFe WA || e
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5 80.00
S«
3 § 60.00 ® W y = 32.007x - 1474.2
s & R2 = 0.8279
2 40.00 Adjusted R? = 0.77
e
2 20.00
o)

0.00

46.50 47.00 47.50 48.00 48.50 49.00 49.50

Estimated phosphorus export
(kg/km?)

Figure 7.2 Relationship between the observed and estimated phosphorus export

under calibration period.

As a result of nitrogen export, the PBIAS value is -20.42% which provide a very
good fit for calibrate the model in term of nitrogen export estimation as suggested by
Moriasi et al. (2007) and Me, Abell, and Hamilton (2015), with a satisfactory coefficient
of determination between the observed and estimated nitrogen export with the value
is 0.57. Likewise, in the case of phosphorus export, the PBIAS value is 12.57% which
provide a very good fit for calibrating the model in term of phosphorus export

estimation as suggested by Moriasi et al. (2007) and Me, Abell, and Hamilton (2015),
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with a very good coefficient of determination between the observed and estimated
phosphorus export with the value is 0.83. Therefore, the nutrient delivery ratio model
of the INVEST software suite can be accepted and applied to validate nitrogen and

phosphorus export between 2016 and 2018.

7.2 Validation of nutrient delivery ratio model

The identified optimum local parameters of the NDR model were applied here
to estimate nutrient export between 2016 and 2018 for model validation. Like the
calibration process, the required input data are the observed TN and TP data, runoff
and LULC data. The observed daily TN and TP data collected four times per year from
2016 to 2018 from six locations in Kwan Phayao Lake by the PCD were applied to
calculate annual TN and TP data (Tables 7.9 and 7.10). Meanwhile, the daily surface
runoff data from the RID were applied to calculate annual surface runoff in the same
period (See Figure 6.4). Besides, the required LULC data in the same period were
predicted based on the classified LULC in 2009 and 2019 using the CLUE-S model (See
Figure 6.5). The derived results of the model validation with an optimum NDR model
parameter for nitrogen and phosphorus estimation are separately reported in Table

7.11 and Figure 7.3 and Table 7.12 and Figure 7.4, respectively.



Table 7.9 Basic information of observed total nitrogen (TN) data of PCD for model validation.

KPO1 KPO5 KP06 KPO7 KP09 KP010

Year Date Depth TN Depth TN Depth TN Depth TN Depth TN Depth TN
Time Time Time Time Time Time

(m) (mg/V) (m) (mg/V) (m) (mg/V) (m) (mg/V) (m) (mg/V) (m) (mg/V)
2016 2016-11-21  10:00 3.50 0.41 10:20 2.00 0.57 10:31 4.50 0.47 13:00 1.00 0.48 10:46 3.50 0.47 11:10 2.30 0.47
2016-08-22  09:05 2.00 0.90 09:25 1.00 0.85 09:35 1.80 0.76 11:25  0.50 0.76 09:50 1.40 0.77 10:10 1.60 0.68
2016-06-16  09:15 0.90 1.31 09:38  0.50 0.80 09:48 1.00 0.78 12:.05  0.30 1.38 10:08 1.50 1.01 10:30 1.00 1.14
2016-03-01  10:15 1.30 0.11 10:55  0.30 0.11 10:45 0.80 0.11 13:00  0.50 0.11 11:00 1.00 0.11 11:15 1.00 0.13
2017 2017-11-23 0850  3.10 0.43 09:15 1.80 0.41 09:35 3.00 0.44 11:30 1.40 0.38 09:40  3.10 0.40 10:00  2.00 0.44
2017-07-06 - 2.50 0.35 - 1.50 0.46 - 3.00 0.47 - 1.00 0.55 - 2.20 0.40 - 1.70 0.58
2017-05-18  09:05 2.50 1.06 09:10 1.00 0.72 09:15 2.00 0.54 11:05 1.80 1.03 09:30  3.00 0.40 09:50 1.50 0.72
2017-01-26  10:13  3.50 0.14 10:00  2.00 0.18 09:35 1.00 0.26 09:20 1.00 0.42 - - 0.00 08:30 1.50 0.44
2018 2018-11-22 09:50  4.20 0.22 10:15  2.00 0.24 10:30 3.40 0.17 10:50 240 0.30 11:00  3.00 0.21 11:20  2.00 0.13
2018-08-06  08:30  2.50 0.25 08:45 1.20 0.25 09:00 230 0.30 10:10 1.30 0.54 09:30  3.00 0.27 10:40  2.50 0.52
2018-05-24 0830  3.00 0.11 08:45 1.50 0.31 09:00  4.50 0.34 10:20 1.50 0.71 09:20 250 0.24 09:45 2.20 0.82
2018-02-24  09:30  2.50 0.09 09:40 1.20 0.22 09:50 250 0.11 08:10 1.20 0.14 10:00  2.70 0.10 10:10 1.50 0.31

9¢c



Table 7.10 Basic information of observed total phosphorus (TP) data of PCD for model validation.

KPO1 KPO5 KP06 KPO7 KP09 KP010

Year Date Depth TP Depth TP Depth TP Depth TP Depth TP Depth TP
Time Time Time Time Time Time

(m) (mg/V) (m) (mg/V) (m) (mg/V) (m) (mg/V) (m) (mg/V) (m) (mg/V)
2016 2016-11-21  10:00 3.50 0.08 10:20 2.00 0.07 10:31 4.50 0.06 13:00 1.00 0.07 10:46 3.50 0.06 11:10 2.30 0.06
2016-08-22  09:05 2.00 0.33 09:25 1.00 0.20 09:35 1.80 0.14 11:25  0.50 0.07 09:50 1.40 0.12 10:10 1.60 0.10
2016-06-16  09:15 0.90 0.10 09:38  0.50 0.11 09:48 1.00 0.13 12:.05  0.30 0.19 10:08 1.50 0.13 10:30 1.00 0.10
2016-03-01  10:15 1.30 0.06 10:55  0.30 0.05 10:45 0.80 0.03 13:00  0.50 0.03 11:00 1.00 0.03 11:15 1.00 0.04
2017 2017-11-23 0850  3.10 0.08 09:15 1.80 0.12 09:35 3.00 0.09 11:30 1.40 0.16 09:40  3.10 0.09 10:00  2.00 0.13
2017-07-06 - 2.50 0.10 - 1.50 0.13 - 3.00 0.11 - 1.00 0.09 - 2.20 0.07 - 1.70 0.13
2017-05-18  09:05 2.50 0.15 09:10 1.00 0.14 09:15 2.00 0.14 11:05 1.80 0.25 09:30  3.00 0.07 09:50 1.50 0.27
2017-01-26  10:13  3.50 0.09 10:00  2.00 0.07 09:35 1.00 0.07 09:20 1.00 0.06 - - 0.00 08:30 1.50 0.07
2018 2018-11-22  09:50  4.20 0.01 10:15  2.00 0.00 10:30 3.40 0.01 10:50 240 0.03 11:00  3.00 0.01 11:20  2.00 0.02
2018-08-06  08:30  2.50 0.08 08:45 1.20 0.09 09:00 230 0.07 10:10 1.30 0.03 09:30  3.00 0.08 10:40  2.50 0.05
2018-05-24 0830  3.00 0.06 08:45 1.50 0.08 09:00  4.50 0.07 10:20 1.50 0.06 09:20 250 0.03 09:45 2.20 0.09
2018-02-24  09:30  2.50 0.03 09:40 1.20 0.00 09:50 250 0.01 08:10 1.20 0.03 10:00  2.70 0.00 10:10 1.50 0.00

A4
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Table 7.11 Comparison of the observed and estimated nitrogen export with a

statistical measurement under the validation period.

Nitrogen export in kg/km? Statistical measurement
Year Observed data  Estimated data PBIAS R2 Adjusted R?
2016 313.43 222.04
2017 479.78 257.68 33.39% 0.8951 0.79
2018 267.41 226.77

Relationship between observed and estimated nitrogen export
600.00

500.00

400.00

300.00 y = 5.4606x - 932.42
R? = 0.8951
Adjusted R? = 0.79

200.00

100.00

Observed nitrogen export
(kg/km?)

0.00
220.00 225.00 230.00 235.00 240.00 245.00 250.00 255.00 260.00

Estimated nitrogen export

(kg/km?)

Figure 7.3 Relationship between the observed and estimated nitrogen export under

the validation period.
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Table 7.12 Comparison of the observed and estimated phosphorus export with a

statistical measurement under the validation period.

Phosphorus export in kg/km? Statistical measurement
vear Observed data  Estimated data PBIAS R2 Adjusted R?
2016 74.95 48.55
2017 122.21 59.48 30.21% 0.643 0.29
2018 29.35 50.05

Relationship between observed and estimated phosphorus export
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©
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< 3
v 100.00 y = 6.2889x - 255.88
=)
5 ~ R = 0.643
2 ¢ 8000
o3 2 Adjusted R? = 0.29
] on
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s &
?
g 40.00
2
8 20.00
e}
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Estimated phosphorus export

(kg/km?)

Figure 7.4 Relationship between the observed and estimated phosphorus export

under the validation period.

As a result of nitrogen export, the PBIAS value is 33.39, which provide a good
fit for calibrating the model in term of nitrogen export estimation as suggested by
Moriasi et al. (2007) and Me, Abell, and Hamilton (2015), with a very good coefficient
of determination between the observed and estimated nitrogen export with the value
of 0.90. Likewise, in the case of phosphorus export, the PBIAS value is 30.21, which
provide a good fit for calibrating the model in term of phosphorus export estimation
as suggested by Moriasi et al. (2007) and Me, Abell, and Hamilton (2015), with a good

coefficient of determination between the observed and estimated phosphorus export
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with the value of 0.64.

However, the result values of observed and estimated nutrients in the
calibration and validation period have fluctuated. The possible reason for this
occurrence is the data uncertainty, which comes from several sources such as location
and frequency of sample collection, instrument variability, and different observers.
These effects were associated with the result of observed data. In contrast, the
estimated data were systematically adjusted in the calibration process for optimal
local parameters and applied in the validation process. Therefore, according to the
statistical measurement, the nutrient delivery ratio model of the INVEST software suite
can be accepted and further applied to estimate nitrogen and phosphorus export in
an actual year and the three different scenarios between 2020 and 2029.

During the calibration and validation phases, it was observed that the
precipitation data or runoff proxy is not presented as sensitive to the estimated data
due to its calculation to modify load to account runoff potential by relating the
precipitation per cell to the average over the raster, as suggested by Redhead et al.
(2018). This finding is similar to the work of Benez-Secanho and Dwivedi (2019). They
tested to verify the influence of rainfall modeling nutrient exports using the NDR model
using three precipitation grids. They found that the precipitation grid had no significant
effect when other grids replaced it for all watersheds combined, which means all
precipitation grids used in their study yielded overall similar results.

In this study, the relationship between average annual rainfall data and the
estimated total nitrogen and phosphorus data between 2011 and 2018 positively
correlates with the R? value of 0.1492 and 0.0477, respectively (Figures 7.5 and 7.6).
These values suggest an unsatisfactory fit between the average annual rainfall data
and estimated total nitrogen and phosphorus data predicted data, as Moriasi et al.
(2007) and Me, Abell, and Hamilton (2015) suggested. So, these findings reconfirm the

insensitivity of rainfall on nutrient export, as mentioned earlier by quoted researchers.
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Average annual rainfall data and estimated total nitrogen data
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Figure 7.5 Relationship between average annual rainfall and estimated total nitrogen

data between 2011 and 2018.

Average annual rainfall data and estimated total phosphorus data
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Figure 7.6 Relationship between average annual rainfall and estimated total

phosphorus data between 2011 and 2018.
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In addition, annual surface runoff, which was used to calculate the total
nitrogen and phosphorus observed data under calibration period (2011-2015), was
examined the linear relationship with both observed data, like total suspended solids
(TSS) in the previous chapter. It was found that annual surface runoff and the observed
total nitrogen show a strong positive linear relationship, with the R value of 0.6162 and
the R? value of 0.3797, as suggested by Cohen (1988) (Figure 7.7). This finding shows
an expected result. However, annual surface runoff and the observed total phosphorus
under the calibration period show a weak positive linear relationship, with the R value
of 0.002 and the R? value of 0.000004, as Cohen (1988) suggested. This finding is an
unexpected result. Nevertheless, the annual surface runoff and the observed total
phosphorus under the calibration period show the best cubic fit with the third-order
polynomial equation as non-linear form, with the R? of 0.9787 (Figure 7.8). This result
shows a high possibility of a non-linear relationship between annual surface runoff and

the observed total phosphorus.



243

Annual surface runoff and oberved total nitrogen data
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Figure 7.7 Relationship between annual surface runoff and observed total nitrogen

data under calibration period.
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Figure 7.8 Relationship between annual surface runoff and observed total phosphorus

data under calibration period.
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7.3  Nutrient export estimation of actual LULC in 2019

The estimated total and average nutrient (nitrogen and phosphorus) load and
export of actual LULC in 2019 are presented in Tables 7.13 and 7.14. The spatial
distribution of nitrogen and phosphorus export in 2019 is shown in Figure 7.8. Moreover,
the amount of nutrient load and export from each LULC type in 2019 are presented
in Table 7.15.

As a result, the total nitrogen and phosphorus load in 2019 are about
1,422,800.13 kg (1,596.23 kg/km?) and 308,267.70 (345.84 kg/km?) and the total nitrogen
and phosphorus export is about 193,307.56 kg. (216.87 kg/km?), and 41,978.66 k. (47.10
kg/km?), respectively.

Table 7.13 Summary data on nitrogen and phosphorus loads of actual LULC in 2019.

Average (kg/watershed in

(km?) (kg/year)
km?)
Nitrogen Phosphorus Nitrogen Phosphorus
Area
load load load load
891.35 1,422,800.13 308,267.70 1,596.23 345.84

Table 7.14 Summary data on nitrogen and phosphorus export of actual LULC in 2019.

Average (kg/watershed in

(km?) (kg/year)
km?)

Nitrogen Phosphorus Nitrogen Phosphorus
Area

export export export export

891.35 193,307.56 41,978.66 216.87 47.10
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Table 7.15 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2019.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 33.10 75,731.67  2,288.30 12.95 4,216.32 127.40 3.46 8,965.07 270.89 11.54 501.27 15.15 3.02
Paddy field (PD) 220.74 719,516.10  3,259.53 18.44 195,391.18 885.15 24.02 95,828.98 434.12 18.49 26,135.18 118.40 23.59
Field crop (FO) 21.84 71,513.28  3,274.16 18.52 19,420.08 889.13 24.13 9,919.11 454.14 19.34 2,705.21 123.86 24.68
Para rubber (RB) 19.78 58,667.80  2,965.41 16.78 17,524.96 885.81 24.04 7,613.26 384.82 16.39 2,283.98 115.45 23.00
Perennial tree and orchard (PO) 79.22 234,719.25 2,962.74 16.76 70,114.17 885.01 24.02 33,756.21 426.09 18.15 10,126.86 127.83 2547
Forest land (FO) 436.91 233,258.91 533.88 3.02 1,419.37 3.25 0.09 34,402.68 78.74 3.35 210.24 0.48 0.10
Water body (WB) 33.37 9.85 0.30 0.00 9.80 0.29 0.01 222 0.07 0.00 222 0.07 0.01
Rangeland (RL) 27.26 16,281.58 597.22 3.38 89.17 3.27 0.09 1,860.71 68.25 291 10.23 0.38 0.07
Wetland (WL) 16.41 9,863.64 601.21 3.40 81.84 4.99 0.14 398.40 24.28 1.03 3.32 0.20 0.04
Miscellaneous land (ML) 2.71 3,238.06  1,193.66 6.75 0.81 0.30 0.01 560.91 206.77 8.81 0.14 0.05 0.01
Total 891.35 1,422,800.13 100.00  308,267.70 100.00 193,307.56 100.00  41,978.66 100.00

9v¢
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According to zonal statistic operation between nitrogen and phosphorus loads
with LULC data in 2019, it revealed that the highest total nitrogen and phosphorus
load are found on paddy field with a value of 719,516.10 kg. (3,259.53 kg/km?) and
195,391.18 kg. (885.15 kg/km?), respectively, while the lowest total nitrogen load occurs
on the waterbody with the value of 9.85 kg. (0.30 kg/km?) and the lowest total
phosphorus load occurs on miscellaneous land with the value of 0.81 (0.30 kg/km?),
respectively. However, the highest average nitrogen and phosphorus load appear on
field crop with values of 3,274.16 kg/km? (18.52%) and 889.13 kg/km? (24.13%).

In the meantime, the highest total nitrogen and phosphorus exports appear on
the paddy field with a value of 95,828.98 kg. (434.12 kg/km?) and 26,135.18 kg. (118.40
kg/km?), respectively. In contrast, the lowest total nitrogen export comes from
waterbody with a value of 2.22 (0.07 kg/km?), and the lowest total phosphorus export
comes from miscellaneous land with a value of 0.14 (0.05 kg/km?). However, the
highest average nitrogen and phosphorus export appeared on field crop and perennial
trees and orchard with values of 454.14 kg/km? (19.34%) and 127.83 kg/km? (25.47%),
respectively. This result is similar to Raji, Odunuga, and Fasona (2020), who found that
cropland and agroforestry influenced roughly 90% of the nutrient exported while water
bodies were identified as sinks. This finding suggests that the change of LULC types
associated with the parameters in the biophysical table affects nitrogen and

phosphorus export.
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7.4  Nutrient export estimation of predictive LULC of Scenario |

Estimating total and average nitrogen and phosphorus export of predictive
LULC between 2020 and 2029 under Scenario I: Trend of LULC evolution is presented
in Table 7.16.

Table 7.16 Estimation of nitrogen and phosphorus export between 2020 and 2029

under Scenario |.

Area Nitrogen export Phosphorus export
Year km? Total (kg)  Average (kg/km?)  Total (kg)  Average (kg/km?)
2020 891.35 197,972.93 222.10 43,358.11 48.64
2021 891.35 199,580.02 22391 43,832.43 49.18
2022 891.35 200,858.16 225.34 44,196.29 49.58
2023 891.35 202,275.64 226.93 44,619.00 50.06
2024 891.35  203,395.90 228.19 44,951.18 50.43
2025 891.35  205,172.77 230.18 45,494.30 51.04
2026 891.35  206,743.37 231.94 45,966.11 51.57
2027 891.35 207,795.18 233.12 46,273.02 51.91
2028 891.35 209,325.14 234.84 46,740.48 52.44
2029 891.35 210,907.86 236.62 47,221.47 52.98

As a result, it was found that the highest total and average nitrogen export
under Scenario | (Trend of LULC evolution) are 210,907.86 kg. and 236.62 kg/km?
occurring in 2029, while the lowest total and average nitrogen export are 197,972.93
kg. and 222.10 kg/km? occurring in 2020. Likewise, the highest total and average
phosphorus export under this scenario are 47,221.47 kg. and 52.98 kg/km? occurring in
2029, while the lowest total and average phosphorus export are 43,358.11 kg. and
48.64 kg/km? occurring in 2020. These results indicate that the change of LULC types
and areas affects parameters in the biophysical table, which leads to different nitrogen
and phosphorus export. In contrast, the annual rainfall as runoff proxy is not major
influencing nitrogen and phosphorus export. Table 7.17 shows the basic statistics of

the predictive annual rainfall between 2020 and 2029, while Figure 7.10 shows the
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relationship between average annual rainfall and estimated total nitrogen and

phosphorus. As a result, they indicate a poor fit between average rainfall and an

estimated nutrient (TN and TP) with the R? value of 0.0022 and 0.0021, as expected.

Table 7.17 Basic statistics of predictive annual rainfall between 2020 and 2029.

Annual rainfall (mm.)

Year MIN MAX MEAN RANGE STD
2020 1,357.40 1,734.31 1,523.53 376.91 107.30
2021 1,345.67 1,748.02 1,508.50 402.34 111.35
2022 1,365.92 1,579.98 1,465.20 214.05 84.68
2023 1,371.04 1,712.94 1,517.76 341.90 93.16
2024 1,405.15 1,668.42 1,537.45 263.27 101.91
2025 1,434.30 1,774.74 1,544.38 340.44 99.52
2026 1,338.02 1,607.98 1,486.75 269.95 78.62
2027 1,387.74 1,572.54 1,472.48 184.80 55.14
2028 1,471.20 1,629.70 1,539.43 158.50 50.77
2029 1,426.87 1,679.65 1,498.28 25277 73.75

The contribution of the predictive LULC type of Scenario | (Trend of LULC

evolution) on nutrient (nitrogen and phosphorus) load and export between 2020 and

2029 are summarized in Tables 7.18 to 7.27 and the spatial distribution of nitrogen and

phosphorus export of the predictive LULC between 2020 and 2029 of Scenario | (Trend

of LULC evolution) is displayed in Figures 7.11 to 7.20.
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Average annual rainfall and estimated total nitrogen
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Figure 7.10 The relationship between average annual rainfall and estimated nutrient:

(a) total nitrogen and (b) total phosphorus.



Table 7.18 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2020 under Scenario |.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 33.45 77,838.24 2,326.84 13.02 4,352.65 130.12 3.47 9,569.74 286.07 11.82 535.08 16.00 3.09
Paddy field (PD) 219.73 724,853.82 3,298.91 18.46 197,705.89 899.79 24.00 98,331.00 447.52 18.49 26,817.54 122.05 23.57
Field crop (FO) 2194 72,578.96 3,308.59 18.51 19,796.11 902.43 24.07 10,367.46 472.61 19.53 2,827.49 128.89 24.90
Para rubber (RB) 20.65 62,140.48 3,009.01 16.84 18,643.89 902.79 24.08 8,307.62 402.28 16.62 2,492.29 120.68 23.31
Perennial tree and orchard (PO) 81.17 244,016.62 3,006.12 16.82 73,211.83 901.92 24.06 34,879.74 429.70 17.76 10,463.92 128.91 24.90
Forest land (FO) 433.27 234,014.02 540.11 3.02 1,430.22 3.30 0.09 33,570.02 77.48 3.20 205.15 0.47 0.09
Water body (WB) 34.18 10.26 0.30 0.00 10.26 0.30 0.01 2.39 0.07 0.00 2.39 0.07 0.01
Rangeland (RL) 27.86 16,686.56 598.85 3.35 91.78 3.29 0.09 1,969.50 70.68 292 10.83 0.39 0.08
Wetland (WL) 16.31 9,772.76 599.15 3.35 81.45 4.99 0.13 391.79 24.02 0.99 3.26 0.20 0.04
Miscellaneous land (ML) 2.79 3,299.18 1,184.54 6.63 0.82 0.30 0.01 583.68 209.56 8.66 0.15 0.05 0.01
Total 891.35 1,445,210.91 100.00 315,324.91 100.00 197,972.93 100.00 43,358.11 100.00

Table 7.19 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2021 under Scenario .

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 33.83 78,703.18 2,326.61 13.03 4,400.70 130.09 3.47 9,681.35 286.20 11.73 541.32 16.00 3.06
Paddy field (PD) 218.73 721,333.22 3,297.86 18.47 196,731.19 899.43 24.02 98,030.19 448.18 18.38 26,735.51 122.23 2335
Field crop (FCO) 22.04 72,881.80 3,306.19 18.52 19,877.25 901.71 24.08 10,666.96 483.89 19.84 2,909.17 131.97 2521
Para rubber (RB) 2153 64,576.69 2,999.87 16.80 19,373.40 899.98 24.03 8,770.41 407.42 16.70 2,631.12 122.23 23.35
Perennial tree and orchard (PO) 83.14 249,787.81 3,004.39 16.83 74,937.85 901.34 24.07 35,979.95 432.76 17.74 10,793.98 129.83 24.80
Forest land (FO) 429.62 232,044.50 540.11 3.02 1,418.08 3.30 0.09 33,428.80 77.81 3.19 204.29 0.48 0.09
Water body (WB) 34.99 10.50 0.30 0.00 10.50 0.30 0.01 247 0.07 0.00 247 0.07 0.01
Rangeland (RL) 28.48 17,081.12 599.72 3.36 93.95 3.30 0.09 2,039.13 71.59 2.94 11.22 0.39 0.08
Wetland (WL) 16.10 9,646.00 599.00 335 80.38 4.99 0.13 383.03 23.79 0.98 3.19 0.20 0.04
Miscellaneous land (ML) 2.88 3,405.42 1,181.33 6.62 0.85 0.30 0.01 597.73 207.35 8.50 0.15 0.05 0.01
Total 891.35 1,449,470.27 100.00 316,924.14 100.00 199,580.02 100.00 43,832.43 100.00
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Table 7.20 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2022 under Scenario |.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 34.19 79,535.60 2,326.29 13.03 4,446.12 130.04 3.48 9,833.99 287.63 11.72 549.86 16.08 3.06
Paddy field (PD) 217.73 717,606.19 3,295.93 18.47 195,665.53 898.68 24.02 97,562.67 448.10 18.26 26,608.00 122.21 23.23
Field crop (FO) 2213 73,268.62 3,311.34 18.55 19,977.73 902.88 24.13 10,691.71 483.21 19.69 2,915.92 131.78 25.05
Para rubber (RB) 22.42 67,142.17 2,994.87 16.78 20,137.99 898.25 24.00 9,275.57 413.74 16.86 2,7182.67 124.12 23.60
Perennial tree and orchard (PO) 85.12 255,450.58 3,000.94 16.81 76,617.46 900.07 24.05 37,062.78 435.40 17.74 11,118.83 130.62 24.83
Forest land (FO) 425.96 229,950.69 539.83 3.02 1,404.93 3.30 0.09 33,317.33 78.22 3.19 203.61 0.48 0.09
Water body (WB) 35.78 10.73 0.30 0.00 10.73 0.30 0.01 253 0.07 0.00 253 0.07 0.01
Rangeland (RL) 29.10 17,443.47 599.49 3.36 95.92 3.30 0.09 2,101.78 72.23 294 11.56 0.40 0.08
Wetland (WL) 15.95 9,547.79 598.66 3.35 79.55 4.99 0.13 377.08 23.64 0.96 3.14 0.20 0.04
Miscellaneous land (ML) 2.98 3,516.87 1,180.07 6.61 0.88 0.29 0.01 632.70 212.30 8.65 0.16 0.05 0.01
Total 891.35 1,453,472.70 100.00 318,436.83 100.00 200,858.16 100.00 44,196.29 100.00
Table 7.21 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2023 under Scenario |.
Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 34.61 80,569.31 2,327.76 13.03 4,504.93 130.15 3.47 10,050.75 290.38 11.73 561.98 16.24 3.06
Paddy field (PD) 216.77 714,882.98 3,297.92 18.47 194,967.35 899.43 24.01 97,212.58 448.46 18.12 26,512.52 122.31 23.07
Field crop (FC) 22.23 73,636.84 3,312.27 18.55 20,082.70 903.34 24.11 10,838.85 487.54 19.70 2,956.05 132.97 25.08
Para rubber (RB) 23.26 69,769.55 2,999.34 16.79 20,930.79 899.80 24.02 9,772.02 420.09 16.97 2,931.61 126.03 23.77
Perennial tree and orchard (PO) 87.04 261,422.50 3,003.61 16.82 78,426.45 901.08 24.05 38,123.14 438.02 17.70 11,436.94 131.40 24.79
Forest land (FO) 422.30 228,068.34 540.06 3.02 1,393.75 3.30 0.09 33,076.31 78.32 3.16 202.13 0.48 0.09
Water body (WB) 36.57 10.97 0.30 0.00 10.97 0.30 0.01 2.61 0.07 0.00 2.61 0.07 0.01
Rangeland (RL) 29.70 17,799.88 599.33 3.36 97.90 3.30 0.09 2,161.67 72.78 294 11.89 0.40 0.08
Wetland (WL) 15.79 9,456.69 598.96 3.35 78.81 4.99 0.13 373.01 23.63 0.95 311 0.20 0.04
Miscellaneous land (ML) 3.08 3,634.28 1,179.88 6.61 091 0.29 0.01 664.69 215.79 8.72 0.17 0.05 0.01
Total 891.35 1,459,251.35 100.00 320,494.56 100.00 202,275.64 100.00 44,619.00 100.00
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Table 7.22 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2024 under Scenario |.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 34.99 81,426.01 2,326.79 13.04 4,551.78 130.07 3.47 10,185.97 291.07 11.70 569.54 16.27 3.05
Paddy field (PD) 215.77 711,331.96 3,296.75 18.47 193,953.88 898.90 24.01 96,668.91 448.02 18.01 26,364.25 122.19 2292
Field crop (FO) 2231 73,786.80 3,307.48 18.53 20,118.93 901.83 24.09 10,978.76 492.12 19.78 2,994.21 134.21 2517
Para rubber (RB) 24.10 72,306.29 2,999.74 16.81 21,686.77 899.71 24.04 10,231.68 424.48 17.06 3,069.50 127.34 23.89
Perennial tree and orchard (PO) 88.95 267,063.45 3,002.36 16.82 80,100.14 900.49 24.06 39,114.33 439.73 17.67 11,734.30 131.92 24.74
Forest land (FO) 418.63 225,963.36 539.76 3.02 1,380.56 3.30 0.09 32,943.41 78.69 3.16 201.32 0.48 0.09
Water body (WB) 37.36 11.21 0.30 0.00 11.20 0.30 0.01 2.66 0.07 0.00 2.66 0.07 0.01
Rangeland (RL) 30.29 18,133.65 598.68 3.35 99.71 3.29 0.09 2,205.54 72.82 293 12.13 0.40 0.08
Wetland (WL) 15.76 9,433.04 598.60 3.35 78.59 4.99 0.13 371.57 23.58 0.95 3.10 0.20 0.04
Miscellaneous land (ML) 3.19 3,744.72 1,175.65 6.59 0.94 0.29 0.01 693.06 217.59 8.74 0.17 0.05 0.01
Total 891.35 1,463,200.49 100.00 321,982.50 100.00 203,395.90 100.00 44,951.18 100.00

Table 7.23 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2025 under Scenario |.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 35.39 82,415.42 2,328.61 13.04 4,608.51 130.21 3.48 10,365.65 292.88 11.65 579.58 16.38 3.03
Paddy field (PD) 214.81 708,612.41 3,298.86 18.48 193,271.98 899.76 24.02 96,384.95 448.71 17.85 26,286.80 122.38 22.68
Field crop (FC) 22.43 74,150.52 3,306.37 18.52 20,224.34 901.80 24.07 11,268.05 502.44 19.99 3,073.10 137.03 25.39
Para rubber (RB) 24.99 74,989.83 3,000.88 16.81 22,498.58 900.33 24.04 10,794.93 431.98 17.19 3,238.48 129.59 24.02
Perennial tree and orchard (PO) 90.94 273,294.70 3,005.09 16.83 81,994.37 901.59 24.07 40,327.26 443.43 17.64 12,098.18 133.03 24.65
Forest land (FO) 415.00 224,148.15 540.11 3.03 1,369.89 3.30 0.09 32,679.39 78.75 3.13 199.71 0.48 0.09
Water body (WB) 38.16 11.46 0.30 0.00 11.46 0.30 0.01 2.74 0.07 0.00 2.74 0.07 0.01
Rangeland (RL) 30.91 18,523.18 599.17 3.36 101.88 3.30 0.09 2,272.42 73.51 292 12.50 0.40 0.07
Wetland (WL) 15.44 9,244.85 598.91 335 77.05 4.99 0.13 363.29 2353 0.94 3.03 0.20 0.04
Miscellaneous land (ML) 3.28 3,854.14 1,175.86 6.59 0.96 0.29 0.01 714.09 217.86 8.67 0.18 0.05 0.01
Total 891.35 1,469,244.65 100.00 324,159.03 100.00 205,172.77 100.00 45,494.30 100.00
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Table 7.24 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2026 under Scenario |.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 35.76 83,230.15 2,327.63 13.04 4,654.23 130.16 3.48 10,500.25 293.65 11.56 587.11 16.42 3.01
Paddy field (PD) 213.81 705,411.97 3,299.29 18.48 192,405.95 899.90 24.03 95,970.54 448.86 17.67 26,173.78 122.42 2242
Field crop (FC) 2251 74,351.62 3,302.45 18.50 20,279.91 900.77 24.05 11,660.16 51791 20.39 3,180.04 141.25 25.87
Para rubber (RB) 25.86 77,563.65 2,999.74 16.80 23,271.62 900.02 24.03 11,296.48 436.89 17.20 3,388.94 131.07 24.00
Perennial tree and orchard (PO) 92.89 279,244.27 3,006.21 16.84 83,782.37 901.96 24.08 41,396.47 445.66 17.54 12,418.94 133.70 24.48
Forest land (FO) 411.35 222,229.71 540.24 3.03 1,358.22 3.30 0.09 32,479.05 78.96 3.11 198.48 0.48 0.09
Water body (WB) 38.97 11.70 0.30 0.00 11.70 0.30 0.01 2.80 0.07 0.00 2.80 0.07 0.01
Rangeland (RL) 31.52 18,878.44 598.89 3.35 103.84 3.29 0.09 2,332.40 73.99 291 12.83 0.41 0.07
Wetland (WL) 15.30 9,161.58 598.66 3.35 76.35 4.99 0.13 359.08 23.46 0.92 2.99 0.20 0.04
Miscellaneous land (ML) 3.38 3,986.35 1,179.31 6.61 1.00 0.29 0.01 746.14 220.73 8.69 0.19 0.06 0.01
Total 891.35 1,474,069.44 100.00 325,945.20 100.00 206743.37 100.00 45,966.11 100.00

Table 7.25 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2027 under Scenario |.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 36.15 84,067.10 2,325.67 13.04 4,699.44 130.01 3.48 10,652.06 294.68 11.56 595.60 16.48 3.01
Paddy field (PD) 212.79 701,546.95 3,296.94 18.48 191,286.86 898.96 24.03 95,339.54 448.05 17.58 26,001.69 122.20 22.30
Field crop (FC) 22.58 74,642.44 3,306.19 18.53 20,352.34 901.48 24.10 11,760.67 520.92 20.44 3,207.45 142.07 2592
Para rubber (RB) 26.69 79,906.10 2,993.37 16.78 23,966.30 897.80 24.00 11,729.97 439.42 17.25 3,518.99 131.83 24.05
Perennial tree and orchard (PO) 94.82 284,744.75 3,002.95 16.83 85,403.72 900.68 24.08 42,441.34 447.59 17.57 12,732.40 134.28 24.50
Forest land (FO) 407.68 220,064.80 539.80 3.03 1,344.53 3.30 0.09 32,364.94 79.39 3.12 197.79 0.49 0.09
Water body (WB) 39.76 11.93 0.30 0.00 11.93 0.30 0.01 2.84 0.07 0.00 2.84 0.07 0.01
Rangeland (RL) 32.13 19,231.98 598.48 3.36 105.75 3.29 0.09 2,378.75 74.02 291 13.08 0.41 0.07
Wetland (WL) 15.27 9,138.06 598.29 335 76.13 4.98 0.13 357.62 23.41 0.92 2.98 0.20 0.04
Miscellaneous land (ML) 3.48 4,093.26 1,176.14 6.59 1.02 0.29 0.01 767.43 220.51 8.65 0.19 0.06 0.01
Total 891.35 1,477,447.37 100.00 327,248.02 100.00 207,795.18 100.00 46,273.02 100.00
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Table 7.26 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2028 under Scenario |.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 36.50 84,921.63 2,326.62 13.04 4,747.69 130.07 3.47 10,810.83 296.19 11.54 604.48 16.56 3.00
Paddy field (PD) 211.82 698,547.48 3,297.88 18.48 190,488.08 899.30 24.02 94,989.26 448.45 17.47 25,906.16 122.30 22.14
Field crop (FO) 22.69 75,037.16 3,306.83 18.53 20,462.01 901.74 24.09 11,988.06 528.30 20.58 3,269.47 144.08 26.08
Para rubber (RB) 27.57 82,640.42 2,996.99 16.79 24,788.89 898.98 24.02 12,238.63 443.84 17.29 3,671.59 133.15 24.10
Perennial tree and orchard (PO) 96.77 290,688.28 3,003.93 16.83 87,195.10 901.06 24.07 43,576.52 450.31 17.54 13,072.96 135.09 24.46
Forest land (FO) 404.03 218,133.46 539.90 3.03 1,332.86 3.30 0.09 32,143.36 79.56 3.10 196.43 0.49 0.09
Water body (WB) 40.58 12.17 0.30 0.00 12.17 0.30 0.01 2.90 0.07 0.00 2.90 0.07 0.01
Rangeland (RL) 32.72 19,579.86 598.32 3.35 107.68 3.29 0.09 2,428.77 74.22 2.89 13.36 0.41 0.07
Wetland (WL) 15.10 9,042.51 598.80 3.36 75.34 4.99 0.13 352.82 23.36 091 2.94 0.19 0.04
Miscellaneous land (ML) 3.57 4,200.04 1,177.22 6.60 1.05 0.29 0.01 793.99 22255 8.67 0.20 0.06 0.01
Total 891.35 1,482,803.01 100.00 329,210.86 100.00 209,325.14 100.00 46,740.48 100.00
Table 7.27 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2029 under Scenario |.
Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 36.90 85,894.64 2,327.60 13.04 4,802.84 130.15 3.48 11,001.97 298.14 1155 615.16 16.67 3.00
Paddy field (PD) 210.84 695,589.01 3,299.14 18.48 189,711.03 899.79 24.03 94,685.94 449.09 17.40 25,823.44 122.48 22.01
Field crop (FCO) 22.81 75,312.48 3,301.86 18.50 20,540.30 900.53 24.05 12,143.56 532.40 20.63 3,311.88 145.20 26.09
Para rubber (RB) 28.45 85,344.75 2,999.34 16.80 25,604.09 899.83 24.03 12,808.26 450.13 17.44 3,842.48 135.04 24.27
Perennial tree and orchard (PO) 98.75 296,739.54 3,005.05 16.84 89,024.18 901.54 24.08 44,712.64 452.80 17.54 13,413.79 135.84 24.41
Forest land (FO) 400.39 216,235.73 540.06 3.03 1,321.48 3.30 0.09 31,910.69 79.70 3.09 195.01 0.49 0.09
Water body (WB) 41.35 12.42 0.30 0.00 12.42 0.30 0.01 297 0.07 0.00 297 0.07 0.01
Rangeland (RL) 33.36 19,971.65 598.72 3.35 109.85 3.29 0.09 2,485.70 74.52 2.89 13.67 0.41 0.07
Wetland (WL) 14.82 8,872.27 598.63 3.35 73.94 4.99 0.13 343.78 23.20 0.90 2.86 0.19 0.03
Miscellaneous land (ML) 3.68 4,333.26 1,179.03 6.61 1.08 0.29 0.01 812.35 221.03 8.56 0.20 0.06 0.01
Total 891.35 1,488,305.75 100.00 331,201.20 100.00 210,907.86 100.00 47,221.47 100.00
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Figure 7.11 Spatial distribution of nitrogen and phosphorus export in 2020 under Scenario |.
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Figure 7.12 Spatial distribution of nitrogen and phosphorus export in 2021 under Scenario |.
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Figure 7.13 Spatial distribution of nitrogen and phosphorus export in 2022 under Scenario |.
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Figure 7.14 Spatial distribution of nitrogen and phosphorus export in 2023 under Scenario |.
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Figure 7.15 Spatial distribution of nitrogen and phosphorus export in 2024 under Scenario |.

09¢



N

A

Scenario 1 Scenario 1

Nitrogen export in 2025 Phosphorus export in 2025

Kg/ha/year Kg/ha/year
. High : 0.260 - High : 0.071
Low : >0 EE Low i >0

Stream network
from NDR model

Stream network
from NDR model

4 8 1?2 16 2 4 8 12 16

Nitrogen export Phosphorus export

Figure 7.16 Spatial distribution of nitrogen and phosphorus export in 2025 under Scenario |.
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Figure 7.17 Spatial distribution of nitrogen and phosphorus export in 2026 under Scenario |.
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Figure 7.18 Spatial distribution of nitrogen and phosphorus export in 2027 under Scenario |.
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As a result of load and export (nitrogen and phosphorus) by LULC classes under
Scenario | (Trend of LULC evolution) between 2020 and 2029 (Tables 7.18 to 7.27), the
highest total nutrient load was found on the paddy field with a value of nitrogen
between 724,853.82 kg. (3,298.91 kg/km?) in 2020 and 695,589.01 ke. (3,299.14 kg/km?)
in 2029, and the value of phosphorus between 197,705.89 kg. (899.79 kg/km?) in 2020
and 189,711.03 kg. (899.79 kg/km?) in 2029. However, the highest average nitrogen load
appears on field crop with values between 3,312.27 kg/km? (18.55%) in 2023 and
3,301.86 kg/km? (18.50 %) in 2029, while the highest average phosphorus load appears
on field crops and perennial trees and orchards between 2020 and 2029. In contrast,
the lowest total nitrogen load occurs on the waterbody, with a value between 10.26
kg. (0.30 kg/km?) in 2020 and 12.42 kg. (0.30 kg/km?) in 2029, while the lowest total
phosphorus load occurs on miscellaneous land with a value between 0.82 kg. (0.30
kg/km?) in 2020 and 1.08 kg. (0.29 kg/km?) in 2029.

In the meantime, the highest total nutrient export appears on the paddy field
with a nitrogen value between 98,331.00 kg. (447.52 kg/km?) in 2020 and 94,685.94 kg.
(449.09 kg/km?) in 2029, and the value of phosphorus between 26,817.54 kg. (122.05
kg/km?) in 2020 and 25,823.44 kg. (122.48 kg/km?) in 2029. Conversely, the lowest total
nitrogen export occurs on the water body with a value between 2.39 kg. (0.07 kg/km?)
in 2020 and 2.97 kg. (0.07 kg/km?) in 2029, while the lowest total phosphorus export
occurs on miscellaneous land with a value between 0.15 kg. (0.05 kg/km?) in 2020 and
0.20 kg. (0.06 kg/km?) in 2029. This result agrees with Yang et al. (2019), who indicated
that the highest nitrogen and phosphorus exports occurred on cultivated land.
However, there are very few nitrogen and phosphorus exports on forest land, water
areas, and unused land.

This finding suggests that the change in LULC types associated with the
biophysical table parameters affects nitrogen and phosphorus export. Even though the
LULC data of Scenario | (Trend of LULC evolution) is simulated based on the annual
rate of LULC change from the transition area matrix between 2009 and 2019 using the
Markov Chain model, which does not represent dramatic change under this scenario,

the minor change of area also changes the amount load and export of nutrient.
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7.5 Nutrient export estimation of predictive LULC of Scenario Il

Estimation of total and average nitrogen and phosphorus export of predictive
LULC between 2020 and 2029 under Scenario Il (Maximization of ecosystem service

values) is presented in Table 7.28.

Table 7.28 Estimation of nitrogen and phosphorus export between 2020 and 2029

under Scenario Il.

Area Nitrogen export Phosphorus export
vear km?  Total (kg) Average (kg/km?) Total (kg) Average (kg/km?)
2020 891.35 196,964.74 220.97 43,117.85 48.37
2021 891.35 195,883.51 219.76 42,988.62 48.23
2022 891.35 195,426.12 219.25 42,961.10 48.20
2023 891.35 195,754.01 219.62 43,137.70 48.40
2024 891.35 195,641.77 219.49 43,160.14 48.42
2025 891.35 195,988.64 219.88 43,334.48 48.62
2026 891.35 195915.15 219.80 43,415.07 48.71
2027 891.35 196,276.87 220.20 43,540.77 48.85
2028 891.35 196,689.44 220.66 43,714.70 49.04
2029 891.35 196,815.34 220.81 43,797.81 49.14

As a result, it was found that the highest total and average nitrogen export
under Scenario Il (Maximization of ecosystem service values) are 196,964.74 kg. and
220.97 ke/km? occurring in 2020, while the lowest total and average nitrogen export
are 195,426.12 kg. and 219.25 kg/km? occurring in 2022. Conversely, the highest total
and average phosphorus export under this scenario are 43,797.81 ke. and 49.14 kg/km?
occurring in 2029, while the lowest total and average phosphorus export are 42,961.10
kg. and 48.20 kg/km? occurring in 2022. These results indicate that the change of LULC
types and areas affects parameters in the biophysical table, which leads to different

nitrogen and phosphorus export.
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The contribution of the predictive LULC of Scenario Il (Maximization of
ecosystem service values) on nutrient (nitrogen and phosphorus) load and export
between 2020 and 2029 is summarized in Tables 7.29 to 7.38. The spatial distribution
of nitrogen and phosphorus export of the predictive LULC between 2020 and 2029 of
Scenario Il (Maximization of ecosystem service values) is displayed in Figures 7.20 to

7.30.



Table 7.29 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2020 under Scenario |l.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 33.36 77,628.98 2,326.67 13.02 4,340.95 130.11 3.47 9,541.47 285.97 11.89 533.50 15.99 3.12
Paddy field (PD) 219.74 724,975.98 3,299.28 18.47 197,739.23 899.89 24.01 98,056.33 446.24 18.56 26,742.63 121.70 23.74
Field crop (FC) 21.85 72,157.15 3,302.91 18.49 19,681.06 900.88 24.04 10,090.38 461.88 19.21 2,751.92 125.97 24.57
Para rubber (RB) 20.67 62,159.41 3,007.75 16.84 18,649.57 902.41 24.08 8,256.81 399.53 16.61 2,477.04 119.86 23.38
Perennial tree and orchard (PO) 81.16 243,987.03 3,006.22 16.83 73,202.96 901.95 24.07 34,638.08 426.78 17.75 10,391.42 128.04 24.97
Forest land (FO) 434.86 234,900.83 540.18 3.02 1,435.64 3.30 0.09 33,593.33 71.25 321 205.29 0.47 0.09
Water body (WB) 33.57 10.08 0.30 0.00 10.08 0.30 0.01 2.33 0.07 0.00 233 0.07 0.01
Rangeland (RL) 25.87 15,506.36 599.35 3.35 85.29 3.30 0.09 1,808.61 69.91 291 9.95 0.38 0.07
Wetland (WL) 17.72 10,585.14 597.31 3.34 88.22 4.98 0.13 434.07 24.49 1.02 3.62 0.20 0.04
Miscellaneous land (ML) 2.56 3,026.95 1,184.63 6.63 0.76 0.30 0.01 543.33 212.64 8.84 0.14 0.05 0.01
Total 891.35 1,444,937.91 100.00 315,233.76 100.00 196,964.74 100.00 43,117.85 100.00

Table 7.30 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2021 under Scenario |I.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 33.84 78,738.79 2,326.81 13.03 4,402.69 130.10 3.47 9,273.52 274.04 11.69 518.52 15.32 3.03
Paddy field (PD) 218.73 721,407.84 3,298.16 18.47 196,751.61 899.52 24.01 97,280.15 444.75 18.97 26,530.95 121.30 23.99
Field crop (FC) 21.82 72,177.91 3,307.27 18.52 19,685.29 902.00 24.08 9,822.71 450.09 19.20 2,678.92 122.75 24.28
Para rubber (RB) 21.50 64,522.72 3,001.54 16.81 19,357.21 900.48 24.04 8,514.05 396.07 16.90 2,554.21 118.82 23.50
Perennial tree and orchard (PO) 83.12 249,752.84 3,004.88 16.82 74,927.38 901.48 24.07 34,953.59 420.54 17.94 10,486.08 126.16 24.96
Forest land (FO) 432.77 233,732.10 540.08 3.02 1,428.39 3.30 0.09 33,396.65 7717 3.29 204.09 0.47 0.09
Water body (WB) 33.57 10.07 0.30 0.00 10.07 0.30 0.01 2.33 0.07 0.00 2.33 0.07 0.01
Rangeland (RL) 24.51 14,690.96 599.34 3.36 80.80 3.30 0.09 1,707.68 69.67 297 9.39 0.38 0.08
Wetland (WL) 19.07 11,408.12 598.10 3.35 95.07 4.98 0.13 482.47 25.30 1.08 4.02 0.21 0.04
Miscellaneous land (ML) 2.42 2,862.16 1,183.85 6.63 0.72 0.30 0.01 450.37 186.28 7.95 0.11 0.05 0.01
Total 891.35 1,449,303.53 100.00 316,739.23 100.00 195,883.51 100.00 42,988.62 100.00

69¢



Table 7.31 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2022 under Scenario |I.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 34.22 79,619.62 2,326.54 13.04 4,450.85 130.06 3.48 9,167.06 267.87 11.59 51257 14.98 2.99
Paddy field (PD) 217.75 717,876.57 3,296.79 18.47 195,740.75 898.92 24.02 96,535.74 443.33 19.19 26,327.93 120.91 24.10
Field crop (FC) 21.82 72,120.13 3,305.00 18.52 19,664.73 901.16 24.08 9,786.24 448.47 19.41 2,668.98 122.31 24.38
Para rubber (RB) 22.37 67,110.08 3,000.13 16.81 20,128.52 899.84 24.04 8,777.21 392.38 16.98 2,633.16 117.71 23.46
Perennial tree and orchard (PO) 85.05 255,327.58 3,002.23 16.82 76,581.15 900.47 24.06 35,330.98 415.43 17.98 10,599.29 124.63 24.84
Forest land (FO) 430.71 232,496.12 539.80 3.02 1,420.49 3.30 0.09 33,315.03 77.35 3.35 203.59 0.47 0.09
Water body (WB) 33.57 10.07 0.30 0.00 10.07 0.30 0.01 2.32 0.07 0.00 2.32 0.07 0.01
Rangeland (RL) 23.16 13,865.68 598.58 3.35 76.24 3.29 0.09 1,591.58 68.71 297 8.75 0.38 0.08
Wetland (WL) 20.42 12,196.29 597.38 3.35 101.61 4.98 0.13 528.80 25.90 112 4.41 0.22 0.04
Miscellaneous land (ML) 2.29 2,698.65 1,180.95 6.62 0.67 0.30 0.01 391.17 171.18 7.41 0.10 0.04 0.01
Total 891.35 1,453,320.78 100.00 318,175.10 100.00 195,426.12 100.00 42,961.10 100.00

Table 7.32 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2023 under Scenario I.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 34.60 80,506.69 2,326.62 13.03 4,501.44 130.09 3.47 9,311.82 269.11 11.70 520.66 15.05 3.00
Paddy field (PD) 216.77 715,023.91 3,298.53 18.48 195,006.26 899.60 24.01 96,036.20 443.03 19.25 26,191.69 120.83 24.13
Field crop (FC) 21.81 72,270.75 3,313.42 18.56 19,710.18 903.66 24.12 9,727.68 445.99 19.38 2,653.00 121.63 24.29
Para rubber (RB) 23.23 69,731.88 3,001.27 16.81 20,919.53 900.38 24.03 9,118.58 392.46 17.06 2,7135.57 117.74 23.51
Perennial tree and orchard (PO) 87.01 261,277.19 3,002.80 16.82 78,383.05 900.84 24.04 36,064.15 414.48 18.01 10,819.24 124.34 24.83
Forest land (FO) 428.65 231,516.53 540.10 3.03 1,414.82 3.30 0.09 33,099.39 77.22 3.36 202.27 0.47 0.09
Water body (WB) 33.57 10.07 0.30 0.00 10.07 0.30 0.01 2.33 0.07 0.00 2.33 0.07 0.01
Rangeland (RL) 21.78 13,035.91 598.42 335 71.70 3.29 0.09 1,467.43 67.36 293 8.07 0.37 0.07
Wetland (WL) 21.76 13,021.33 598.30 335 108.51 4.99 0.13 571.56 26.26 1.14 476 0.22 0.04
Miscellaneous land (ML) 215 2,519.70 1,171.87 6.56 0.63 0.29 0.01 354.86 165.04 717 0.09 0.04 0.01
Total 891.35 1,458,913.97 100.00 320,126.20 100.00 195,754.01 100.00 43,137.70 100.00
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Table 7.33 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2024 under Scenario |I.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 34.99 81,371.82 2,325.74 13.03 4,548.80 130.01 3.47 9,427.61 269.46 11.77 527.14 15.07 3.03
Paddy field (PD) 215.78 711,410.81 3,296.89 18.48 193,977.37 898.95 24.01 95,286.36 441.58 19.30 25,987.19 120.43 24.21
Field crop (FO) 21.81 72,157.22 3,308.97 18.54 19,674.81 902.24 24.10 9,599.71 440.22 19.24 2,618.10 120.06 24.13
Para rubber (RB) 24.09 72,276.78 3,000.07 16.81 21,678.14 899.82 24.04 9,420.42 391.02 17.09 2,826.12 117.31 23.58
Perennial tree and orchard (PO) 88.96 267,037.08 3,001.89 16.82 80,093.06 900.36 24.05 36,616.74 411.63 17.99 10,985.02 123.49 24.82
Forest land (FO) 426.61 230,307.14 539.85 3.03 1,407.12 3.30 0.09 33,003.59 77.36 338 201.69 0.47 0.10
Water body (WB) 33.57 10.07 0.30 0.00 10.07 0.30 0.01 2.32 0.07 0.00 2.32 0.07 0.01
Rangeland (RL) 20.43 12,193.84 596.89 3.35 67.05 3.28 0.09 1,340.38 65.61 287 7.37 0.36 0.07
Wetland (WL) 23.10 13,815.76 598.17 3.35 115.11 4.98 0.13 611.50 26.48 1.16 5.10 0.22 0.04
Miscellaneous land (ML) 2.02 2,369.47 1,174.37 6.58 0.59 0.29 0.01 333.14 165.11 7.21 0.08 0.04 0.01
Total 891.35 1,462,949.99 100.00 321,572.11 100.00 195,641.77 100.00 43,160.14 100.00
Table 7.34 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2025 under Scenario |I.
Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 35.39 82,423.93 2,328.69 13.04 4,608.99 130.22 3.48 9,604.17 271.34 1191 537.01 15.17 3.06
Paddy field (PD) 214.77 708,509.65 3,298.92 18.47 193,243.95 899.77 24.02 94,870.98 44173 19.39 25,873.90 120.47 2431
Field crop (FCO) 21.86 72,362.38 3,310.03 18.53 19,736.63 902.80 24.10 9,488.64 434.03 19.05 2,587.81 118.37 23.88
Para rubber (RB) 24.98 74,873.83 2,997.44 16.78 22,463.78 899.30 24.01 9,762.12 390.81 17.16 2,928.63 117.24 23.65
Perennial tree and orchard (PO) 90.81 272,757.77 3,003.48 16.82 81,833.28 901.11 24.06 37,307.58 410.81 18.03 11,192.28 123.24 24.86
Forest land (FO) 424.52 229,323.92 540.19 3.02 1,401.53 3.30 0.09 32,766.04 77.18 3.39 200.24 0.47 0.10
Water body (WB) 33.70 10.12 0.30 0.00 10.12 0.30 0.01 2.34 0.07 0.00 2.34 0.07 0.01
Rangeland (RL) 19.14 11,441.44 597.66 335 62.93 3.29 0.09 1,232.30 64.37 2.83 6.78 0.35 0.07
Wetland (WL) 24.27 14,542.15 599.08 335 121.19 4.99 0.13 650.01 26.78 1.18 5.42 0.22 0.05
Miscellaneous land (ML) 1.89 2,238.17 1,182.57 6.62 0.56 0.30 0.01 304.46 160.87 7.06 0.08 0.04 0.01
Total 891.35 1,468,483.36 100.00 323,482.95 100.00 195,988.64 100.00 43,334.48 100.00
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Table 7.35 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2026 under Scenario |l.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 35.42 82,504.36 2,329.48 13.04 4,613.66 130.26 3.48 9,607.36 271.26 12.06 537.19 15.17 3.08
Paddy field (PD) 213.82 705,541.11 3,299.62 18.47 192,441.51 900.00 24.02 94,394.33 441.46 19.63 25,743.91 120.40 24.44
Field crop (FC) 21.85 72,269.49 3,308.05 18.52 19,712.03 902.30 24.09 9,307.13 426.02 18.94 2,538.31 116.19 23.59
Para rubber (RB) 25.87 77,610.05 3,000.08 16.80 23,285.58 900.12 24.03 10,142.82 392.08 17.43 3,042.85 117.62 23.88
Perennial tree and orchard (PO) 92.90 279,043.44 3,003.81 16.82 83,722.26 901.24 24.06 37,797.59 406.88 18.09 11,339.28 122.06 24.78
Forest land (FO) 422.49 228,231.06 540.21 3.02 1,394.90 3.30 0.09 32,597.75 77.16 3.43 199.21 0.47 0.10
Water body (WB) 33.70 10.12 0.30 0.00 10.12 0.30 0.01 2.34 0.07 0.00 2.34 0.07 0.01
Rangeland (RL) 17.72 10,606.02 598.66 3.35 58.34 3.29 0.09 1,112.27 62.78 2.79 6.12 0.35 0.07
Wetland (WL) 25.82 15,452.33 598.36 3.35 128.78 4.99 0.13 698.19 27.04 1.20 5.82 0.23 0.05
Miscellaneous land (ML) 177 2,095.82 1,183.99 6.63 0.52 0.30 0.01 255.38 144.27 6.41 0.06 0.04 0.01
Total 891.35 1,473,363.79 100.00 325,367.71 100.00 195,915.15 100.00 43,415.07 100.00

Table 7.36 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2027 under Scenario |I.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 36.17 84,166.86 2,327.30 13.03 4,705.03 130.10 3.48 9,863.06 272.72 12.25 551.48 15.25 3.11
Paddy field (PD) 212.74 701,369.59 3,296.76 18.46 191,238.93 898.91 24.03 93,780.13 440.81 19.80 25,576.40 120.22 24.49
Field crop (FC) 21.84 72,118.70 3,302.66 18.49 19,664.24 900.52 24.07 9,186.62 420.70 18.90 2,505.44 114.74 2337
Para rubber (RB) 26.74 80,196.96 2,998.93 16.79 24,053.59 899.47 24.04 10,499.69 392.63 17.63 3,149.91 117.79 23.99
Perennial tree and orchard (PO) 94.81 284,578.03 3,001.51 16.81 85,353.91 900.25 24.06 38,482.70 405.89 18.23 11,544.81 121.77 24.80
Forest land (FO) 420.45 226,938.44 539.75 3.02 1,386.53 3.30 0.09 32,530.87 77.37 3.48 198.80 0.47 0.10
Water body (WB) 33.70 10.11 0.30 0.00 10.11 0.30 0.01 2.34 0.07 0.00 2.34 0.07 0.01
Rangeland (RL) 16.35 9,785.66 598.65 335 53.81 3.29 0.09 993.71 60.79 273 5.47 0.33 0.07
Wetland (WL) 26.93 16,101.46 597.86 335 134.15 4.98 0.13 729.72 27.09 1.22 6.08 0.23 0.05
Miscellaneous land (ML) 1.62 1,936.51 1,195.30 6.69 0.48 0.30 0.01 208.03 128.41 5.77 0.05 0.03 0.01
Total 891.35 1,477,202.33 100.00 326,600.78 100.00 196,276.87 100.00 43,540.77 100.00
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Table 7.37 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2028 under Scenario |l.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 36.47 84,898.17 2,327.89 13.03 4,746.38 130.14 3.48 10,006.34 274.37 12.35 559.49 15.34 3.12
Paddy field (PD) 211.81 698,490.33 3,297.65 18.46 190,472.80 899.24 24.02 93,295.01 440.46 19.82 25,444.09 120.12 24.47
Field crop (FO) 21.86 72,180.42 3,301.71 18.48 19,683.03 900.35 24.05 9,188.36 420.30 18.92 2,505.92 114.63 23.35
Para rubber (RB) 27.56 82,739.86 3,001.96 16.81 24,818.76 900.47 24.06 10,883.13 394.86 17.77 3,264.94 118.46 24.13
Perennial tree and orchard (PO) 96.70 290,370.93 3,002.67 16.81 87,100.05 900.68 24.06 39,095.60 404.28 18.20 11,728.68 121.28 24.70
Forest land (FO) 418.34 225,849.76 539.87 3.02 1,380.02 3.30 0.09 32,381.30 77.40 3.48 197.89 0.47 0.10
Water body (WB) 33.70 10.11 0.30 0.00 10.11 0.30 0.01 2.34 0.07 0.00 2.34 0.07 0.01
Rangeland (RL) 14.97 8,958.24 598.27 3.35 49.26 3.29 0.09 876.83 58.56 2.64 4.82 0.32 0.07
Wetland (WL) 28.44 17,003.06 597.76 3.35 141.67 4.98 0.13 77712 27.32 1.23 6.48 0.23 0.05
Miscellaneous land (ML) 1.48 1,765.30 1,194.71 6.69 0.44 0.30 0.01 183.41 124.12 5.59 0.05 0.03 0.01
Total 891.35 1,482,266.19 100.00 328,402.53 100.00 196,689.44 100.00 43,714.70 100.00
Table 7.38 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2029 under Scenario II.
Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 36.94 85,976.37 2,327.30 13.03 4,807.41 130.13 3.48 10,204.97 276.24 12.50 570.60 15.45 3.15
Paddy field (PD) 210.78 695,319.69 3,298.80 18.47 189,637.70 899.70 24.03 92,700.60 439.80 19.90 25,281.98 119.94 24.50
Field crop (FCO) 21.80 71,890.91 3,297.90 18.47 19,607.13 899.45 24.03 9,146.26 419.57 18.98 2,494.43 114.43 23.37
Para rubber (RB) 28.46 85,490.68 3,004.21 16.82 25,647.89 901.29 24.07 11,222.78 394.38 17.84 3,366.83 118.31 24.17
Perennial tree and orchard (PO) 98.68 296,372.73 3,003.31 16.82 88,914.19 901.02 24.07 39,578.91 401.08 18.15 11,873.67 120.32 24.58
Forest land (FO) 416.34 224,863.62 540.10 3.02 1,374.20 3.30 0.09 32,224.45 77.40 3.50 196.93 0.47 0.10
Water body (WB) 33.70 10.12 0.30 0.00 10.12 0.30 0.01 2.34 0.07 0.00 2.34 0.07 0.01
Rangeland (RL) 13.57 8,127.03 598.74 3.35 44.70 3.29 0.09 755.26 55.64 2.52 415 0.31 0.06
Wetland (WL) 29.72 17,783.44 598.37 335 148.20 4.99 0.13 818.67 2755 1.25 6.82 0.23 0.05
Miscellaneous land (ML) 1.36 1,620.11 1,191.18 6.67 0.41 0.30 0.01 161.10 118.45 5.36 0.04 0.03 0.01
Total 891.35 1,487,454.71 100.00 330,191.95 100.00 196,815.34 100.00 43,797.81 100.00
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Figure 7.21 Spatial distribution of nitrogen and phosphorus export in 2020 under Scenario |I.
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Figure 7.22 Spatial distribution of nitrogen and phosphorus export in 2021 under Scenario II.
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Figure 7.23 Spatial distribution of nitrogen and phosphorus export in 2022 under Scenario II.
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Figure 7.24 Spatial distribution of nitrogen and phosphorus export in 2023 under Scenario II.
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Figure 7.25 Spatial distribution of nitrogen and phosphorus export in 2024 under Scenario II.
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Figure 7.26 Spatial distribution of nitrogen and phosphorus export in 2025 under Scenario |I.
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Figure 7.27 Spatial distribution of nitrogen and phosphorus export in 2026 under Scenario II.

08¢



N
Scenario 11
Nitrogen export in 2027

Kg/ha/year

. High : 0.241

Low : >0

Stream network
from NDR model

4 8 ”? 16

Nitrogen export

Figure 7.28 Spatial distribution of nitrogen and phosphorus export in 2027 under Scenario II.
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Figure 7.29 Spatial distribution of nitrogen and phosphorus export in 2028 under Scenario II.
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As a result of load and export (nitrogen and phosphorus) by LULC classes under
Scenario Il (Maximization ecosystem service values) between 2020 and 2029 (Tables
7.29 to 7.38), the highest total nutrient load is found on the paddy field with a nitrogen
value between 724,975.98 kg. (3,299.28 kg/km?) in 2020 and 695,319.69 ke. (3,298.80
kg/km?) in 2029, and the value of phosphorus between 197,739.23 kg. (899.89 kg/km?)
in 2020 and 189,637.70 kg. (899.70 kg/km?) in 2029. However, the highest average
nitrogen load appears on field crop with values between 3,313.42 kg/km? (18.56 %) in
2023 and 3,297.90 kg/km2 (18.47 %) in 2029, while the highest average phosphorus
load appears on several LULC classes, namely field crop, para rubber, and perennial
tree and orchard between 2020 and 2029. In contrast, the lowest average nitrogen
load occurs on the water body with a value of 0.30 kg/km? from 2020 to 2029, while
the lowest total phosphorus load occurs on miscellaneous land with a value between
0.41 kg. (0.30 kg/km?) in 2029 and 0.76 kg. (0.30 kg/km?) in 2020.

In the meantime, the highest total nutrient export appears on the paddy field,
with a value of nitrogen between 98,056.33 ke. (446.24 kg/km?) in 2020 and 92,700.60
k. (439.80 kg/km?) in 2029, and a value of phosphorus between 26,742.63 kg. (121.70
kg/km?) in 2020 and 25,281.98 kg. (119.94 kg/km?) in 2029. Conversely, the lowest total
nitrogen export occurs on the water body with a value of 0.07 kg/km? from 2020 to
2029, while the lowest total phosphorus export occurs on miscellaneous land, with a
value between 0.04 kg (0.03 kg/km?) in 2029 and 0.14 kg. (0.05 kg/km?) in 2020. This
result is similar to Han, Reidy, and Li (2021). They analyzed nutrient load and delivery
from different scenarios and found cultivated crops' biggest load rate per unit area and
very low retention efficiency. Besides, agriculture is the main cause of nutrient release
in the watershed from different LULC scenarios.

This finding suggests that the change in LULC types associated with the
biophysical table parameters affects nitrogen and phosphorus export. Notably, the
LULC data under this scenario has influences nutrient export due to the LULC data of
Scenario Il (Maximization ecosystem service values) simulated based on the annual
rate of LULC change from transition area matrix between 2009 and 2019 for some
LULC types and the linear programming to maximize ecosystem service values by

reducing the area of rangeland and miscellaneous land and increasing the area of
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wetland. Therefore, it shows significant LULC change under this scenario due to the

change of area and the amount load and export of nutrients.

7.6 Nutrient export estimation of predictive LULC of Scenario llI

Estimating total and average nitrogen and phosphorus export of predictive
LULC between 2020 and 2029 under Scenario lll: Economic crop zonation is presented

in Table 7.39.

Table 7.39 Estimation of nitrogen and phosphorus export between 2020 and 2029

under Scenario lIl.

Area Nitrogen export Phosphorus export
Year km? Total (kg)  Average (kg/km?)  Total (kg)  Average (kg/km?)
2020 891.35 200,387.36 224.81 43,956.03 49.31
2021 891.35 204,228.36 229.12 44,919.41 50.39
2022 891.35 207,404.15 232.69 45,715.39 51.29
2023 89135 210,923.54 236.63 46,580.29 52.26
2024 891.35 213,774.11 239.83 47,267.91 53.03
2025 89135 217,498.34 244.01 48,206.67 54.08
2026 891.35 220,573.44 247.46 48,942.83 54.91
2027 891.35  223,621.85 250.88 49,650.28 55.70
2028 891.35 = 226,714.19 254.35 50,389.99 56.53
2029 891.35 229,756.13 257.76 51,149.42 57.38

As a result, it was found that the highest total and average nitrogen export
under Scenario lll (Economic crop zonation) are 229,756.13 kg. and 257.76 kg/km?
occurring in 2029, while the lowest total and average nitrogen export are 200,387.36
kg. and 224.81 kg/km? occurring in 2020. Likewise, the highest total and average
phosphorus export under this scenario are 51,149.42 kg. and 57.38 kg/km? occurring in
2029, while the lowest total and average phosphorus export are 43,956.03 kg. and
49.31 kg/km? occurring in 2020. These results indicate that the change of LULC types

and areas affects parameters in the biophysical table, which leads to different nitrogen
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and phosphorus export like Scenario | and II.

The contribution of the predictive LULC of Scenario Il (Economic crop zonation)
on nutrient (nitrogen and phosphorus) load and export between 2020 and 2029 is
summarized in Tables 7.40 to 7.49, and the spatial distribution of nitrogen and
phosphorus export of the predictive LULC between 2020 and 2029 of Scenario Il

(Economic crop zonation) is displayed in Figures 7.31 to 7.40.



Table 7.40 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2020 under Scenario |I.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 33.20 77,271.55 2,327.47 13.03 4,320.98 130.15 3.47 9,409.09 283.41 11.65 526.10 15.85 3.05
Paddy field (PD) 226.72 747,941.81 3,298.95 18.47 204,003.82 899.80 24.02 103,451.12 456.29 18.76 28,213.94 124.44 2393
Field crop (FC) 23.08 76,221.65 3,301.91 18.49 20,789.73 900.61 24.04 10,912.50 472.73 19.43 2,976.14 128.93 24.79
Para rubber (RB) 19.78 59,421.27 3,003.52 16.81 17,828.10 901.14 24.06 7,869.31 397.76 16.35 2,360.79 119.33 22.94
Perennial tree and orchard (PO) 74.06 222,682.58 3,006.88 16.83 66,811.22 902.15 24.08 32,190.51 434.67 17.87 9,657.15 130.40 25.07
Forest land (FO) 433.30 234,078.81 540.22 3.02 1,430.62 3.30 0.09 33,574.02 77.48 3.19 205.17 0.47 0.09
Water body (WB) 34.34 10.31 0.30 0.00 10.31 0.30 0.01 2.39 0.07 0.00 2.39 0.07 0.01
Rangeland (RL) 27.86 16,668.31 598.35 3.35 91.68 3.29 0.09 1,990.24 71.44 294 10.95 0.39 0.08
Wetland (WL) 16.22 9,712.87 598.96 3.35 80.95 4.99 0.13 389.14 24.00 0.99 3.24 0.20 0.04
Miscellaneous land (ML) 2.79 3,308.92 1,185.91 6.64 0.83 0.30 0.01 599.04 214.69 8.83 0.15 0.05 0.01
Total 891.35 1,447,318.09 100.00 315,368.24 100.00 200,387.36 100.00 43,956.03 100.00

Table 7.41 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2021 under Scenario |Il.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 33.78 78,638.48 2,327.80 13.03 4,397.08 130.16 3.47 9,657.61 285.88 11.48 540.00 15.98 2.99
Paddy field (PD) 232.67 767,235.71 3,297.47 18.46 209,250.61 899.33 24.00 107,527.56 462.14 18.56 29,325.70 126.04 2355
Field crop (FCO) 24.26 80,328.17 3,310.90 18.53 21,908.15 902.99 24.10 12,398.13 511.02 20.53 3,381.31 139.37 26.04
Para rubber (RB) 19.83 59,570.75 3,003.48 16.81 17,871.61 901.06 24.05 7,998.18 403.26 16.20 2,399.46 120.98 22.61
Perennial tree and orchard (PO) 68.78 206,594.02 3,003.48 16.81 61,979.54 901.06 24.05 30,172.33 438.65 17.62 9,051.70 131.59 24.59
Forest land (FO) 429.61 232,029.93 540.09 3.02 1,417.99 3.30 0.09 33,394.96 T7.73 3.12 204.08 0.48 0.09
Water body (WB) 34.93 10.49 0.30 0.00 10.49 0.30 0.01 243 0.07 0.00 243 0.07 0.01
Rangeland (RL) 28.46 17,059.56 599.43 335 93.83 3.30 0.09 2,066.05 72.60 292 11.36 0.40 0.07
Wetland (WL) 16.10 9,634.14 598.54 335 80.29 4.99 0.13 386.24 24.00 0.96 3.22 0.20 0.04
Miscellaneous land (ML) 292 3,459.43 1,185.67 6.64 0.86 0.30 0.01 624.86 214.16 8.60 0.16 0.05 0.01
Total 891.35 1,454,560.68 100.00 317,010.45 100.00 204,228.36 100.00 44,919.41 100.00
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Table 7.42 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2022 under Scenario |I.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 33.94 78,952.86 2,326.43 13.04 4,413.38 130.04 3.48 9,783.35 288.28 11.40 547.03 16.12 2.96
Paddy field (PD) 238.65 786,471.20 3,295.44 18.47 214,434.48 898.52 24.02 111,292.00 466.33 18.44 30,352.36 127.18 23.33
Field crop (FO) 25.54 84,239.54 3,298.11 18.48 22,968.24 899.24 24.04 13,618.36 533.18 21.08 3,714.10 145.41 26.67
Para rubber (RB) 19.85 59,580.70 3,001.34 16.82 17,869.41 900.16 24.06 8,103.23 408.19 16.14 2,430.97 122.46 22.46
Perennial tree and orchard (PO) 63.62 191,079.76 3,003.36 16.83 57,308.52 900.77 24.08 28,166.67 442.72 17.51 8,450.00 132.82 24.36
Forest land (FO) 425.98 229,917.44 539.73 3.02 1,404.67 3.30 0.09 33,270.78 78.10 3.09 203.32 0.48 0.09
Water body (WB) 35.73 10.72 0.30 0.00 10.72 0.30 0.01 2.48 0.07 0.00 2.48 0.07 0.01
Rangeland (RL) 29.06 17,469.16 601.20 3.37 96.05 3.31 0.09 2,141.57 73.70 291 11.78 0.41 0.07
Wetland (WL) 15.97 9,559.79 598.47 3.35 79.64 4.99 0.13 382.76 23.96 0.95 3.19 0.20 0.04
Miscellaneous land (ML) 3.00 3,536.15 1,179.62 6.61 0.88 0.29 0.01 642.94 214.48 8.48 0.16 0.05 0.01
Total 891.35 1,460,817.32 100.00 318,586.00 100.00 207,404.15 100.00 45,715.39 100.00
Table 7.43 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2023 under Scenario |lI.
Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 34.56 80,493.13 2,328.75 13.05 4,500.62 130.21 3.48 10,164.81 294.08 11.46 568.35 16.44 297
Paddy field (PD) 244.54 806,812.86 3,299.25 18.48 220,036.54 899.78 24.03 115,572.97 472.60 18.41 31,519.90 128.89 23.29
Field crop (FCO) 26.74 88,198.15 3,298.13 18.48 24,053.68 899.48 24.02 14,528.13 543.27 21.16 3,962.22 148.17 26.78
Para rubber (RB) 19.87 59,665.30 3,002.57 16.82 17,899.32 900.76 24.06 8,221.49 413.74 16.12 2,466.45 124.12 22.43
Perennial tree and orchard (PO) 58.31 175,313.04 3,006.49 16.84 52,593.12 901.93 24.09 26,145.32 448.37 17.47 7,843.59 134.51 24.31
Forest land (FO) 422.30 228,052.81 540.03 3.03 1,393.63 3.30 0.09 33,030.11 78.22 3.05 201.85 0.48 0.09
Water body (WB) 36.43 10.94 0.30 0.00 10.94 0.30 0.01 2.53 0.07 0.00 253 0.07 0.01
Rangeland (RL) 29.68 17,772.69 598.82 335 91.75 3.29 0.09 2,193.60 73.91 2.88 12.06 0.41 0.07
Wetland (WL) 15.78 9,441.47 598.47 335 78.68 4.99 0.13 377.86 23.95 0.93 315 0.20 0.04
Miscellaneous land (ML) 3.14 3,694.72 1,177.52 6.60 0.92 0.29 0.01 686.72 218.86 8.53 0.17 0.05 0.01
Total 891.35 1,469,455.10 100.00 320,665.19 100.00 210,923.54 100.00 46,580.29 100.00
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Table 7.44 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2024 under Scenario |Il.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 34.76 80,910.82 2,327.54 13.04 4,522.66 130.10 3.48 10,286.05 295.90 11.29 575.13 16.54 2.94
Paddy field (PD) 250.55 825,981.36 3,296.70 18.47 225,198.49 898.83 24.02 119,105.09 475.38 18.14 32,483.21 129.65 23.06
Field crop (FO) 27.93 92,103.87 3,297.73 18.48 25,111.53 899.11 24.03 15,715.19 562.67 21.47 4,285.96 153.46 27.30
Para rubber (RB) 19.89 59,700.93 3,001.34 16.82 17,904.78 900.13 24.06 8,338.71 419.21 15.99 2,501.61 125.76 22.37
Perennial tree and orchard (PO) 53.13 159,633.33 3,004.65 16.83 47,875.30 901.12 24.08 24,008.38 451.89 17.24 7,202.51 135.57 24.11
Forest land (FO) 418.60 225,944.90 539.76 3.02 1,380.35 3.30 0.09 32,898.41 78.59 3.00 201.05 0.48 0.09
Water body (WB) 37.07 11.12 0.30 0.00 11.12 0.30 0.01 2.57 0.07 0.00 2.57 0.07 0.01
Rangeland (RL) 30.61 18,325.30 598.73 3.35 100.76 3.29 0.09 2,287.74 74.75 2.85 12.58 0.41 0.07
Wetland (WL) 15.63 9,337.24 597.35 3.35 77.79 4.98 0.13 372.69 23.84 091 3.11 0.20 0.04
Miscellaneous land (ML) 3.18 3,768.14 1,184.87 6.64 0.94 0.30 0.01 759.30 238.76 9.11 0.19 0.06 0.01
Total 891.35 1,475,717.02 100.00 322,183.70 100.00 213,774.11 100.00 47,267.91 100.00
Table 7.45 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2025 under Scenario |Il.
Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 35.41 82,561.08 2,331.58 13.05 4,616.71 130.38 3.48 10,526.63 297.28 11.13 588.59 16.62 2.90
Paddy field (PD) 256.39 845,872.92 3,299.19 18.47 230,712.05 899.86 24.04 123,526.96 481.80 18.04 33,689.17 131.40 22.95
Field crop (FCO) 29.15 95,715.09 3,283.59 18.38 26,106.31 895.60 23.92 17,140.01 588.00 22.02 4,674.55 160.36 2801
Para rubber (RB) 19.89 59,757.29 3,003.80 16.82 17,928.70 901.22 24.07 8,419.35 423.21 15.85 2,525.81 126.96 22.18
Perennial tree and orchard (PO) 4791 144,435.05 3,014.82 16.88 43,334.16 904.52 24.16 21,701.02 452.97 16.96 6,510.31 135.89 23.74
Forest land (FO) 414.93 224,123.85 540.15 3.02 1,369.76 3.30 0.09 32,647.61 78.68 295 199.51 0.48 0.08
Water body (WB) 37.96 11.40 0.30 0.00 11.40 0.30 0.01 2.62 0.07 0.00 2.62 0.07 0.01
Rangeland (RL) 30.94 18,536.43 599.07 335 101.96 3.30 0.09 2,335.68 75.49 2.83 12.85 0.42 0.07
Wetland (WL) 15.43 9,227.70 597.99 335 76.90 4.98 0.13 368.46 23.88 0.89 3.07 0.20 0.03
Miscellaneous land (ML) 3.34 3,968.70 1,189.93 6.66 0.99 0.30 0.01 829.99 248.86 9.32 0.21 0.06 0.01
Total 891.35 1,484,209.51 100.00 324,258.95 100.00 217,498.34 100.00 48,206.67 100.00
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Table 7.46 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2026 under Scenario |Il.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 35.75 83,344.43 2,331.15 13.04 4,660.65 130.36 3.48 10,705.50 299.43 11.04 598.59 16.74 2.89
Paddy field (PD) 262.42 865,961.06 3,299.89 18.46 236,198.03 900.07 24.01 127,655.67 486.45 17.94 34,815.18 132.67 22.94
Field crop (FO) 30.40 100,232.24 3,297.42 18.45 27,339.17 899.40 24.00 18,409.02 605.62 22.34 5,020.64 165.17 28.56
Para rubber (RB) 19.89 59,736.71 3,003.90 16.81 17,923.05 901.27 24.05 8,470.36 42594 15.71 2,541.11 127.78 22.09
Perennial tree and orchard (PO) 42.65 128,639.99 3,015.97 16.88 38,596.38 904.89 24.14 19,165.48 449.34 16.57 5,749.64 134.80 2331
Forest land (FO) 411.24 222,145.03 540.19 3.02 1,357.71 3.30 0.09 32,437.75 78.88 291 198.23 0.48 0.08
Water body (WB) 38.71 11.62 0.30 0.00 11.63 0.30 0.01 2.66 0.07 0.00 2.66 0.07 0.01
Rangeland (RL) 31.56 18,854.96 597.34 3.34 103.71 3.29 0.09 2,456.05 77.81 287 13.51 0.43 0.07
Wetland (WL) 15.29 9,153.07 598.49 3.35 76.28 4.99 0.13 364.35 23.82 0.88 3.04 0.20 0.03
Miscellaneous land (ML) 3.44 4,077.16 1,186.86 6.64 1.02 0.30 0.01 906.61 26391 9.73 0.23 0.07 0.01
Total 891.35 1,492,156.27 100.00 326,267.62 100.00 220,573.44 100.00 48,942.83 100.00
Table 7.47 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2027 under Scenario |Il.
Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 36.10 84,062.03 2,328.75 13.04 4,698.94 130.17 3.48 10,941.66 303.11 11.04 611.79 16.95 291
Paddy field (PD) 268.46 885,091.14 3,296.90 18.46 241,321.38 898.91 24.00 131,852.88 491.14 17.89 35,959.88 133.95 23.02
Field crop (FCO) 31.62 104,585.14 3,307.33 18.52 28,515.29 901.75 24.08 19,359.88 612.22 22.30 5,279.97 166.97 28.70
Para rubber (RB) 19.88 59,657.47 3,000.67 16.80 17,892.26 899.95 24.03 8,527.50 428.92 15.63 2,558.25 128.68 22.11
Perennial tree and orchard (PO) 37.46 112,692.92 3,008.14 16.84 33,798.48 902.19 24.09 16,743.61 446.94 16.28 5,023.08 134.08 23.04
Forest land (FO) 407.57 219,971.39 539.72 3.02 1,343.90 3.30 0.09 32,313.82 79.28 2.89 197.47 0.48 0.08
Water body (WB) 39.48 11.84 0.30 0.00 11.83 0.30 0.01 2.69 0.07 0.00 2.69 0.07 0.01
Rangeland (RL) 32.14 19,194.12 597.25 334 105.54 3.28 0.09 2,531.12 78.76 287 13.92 0.43 0.07
Wetland (WL) 15.11 9,031.73 597.69 335 75.24 4.98 0.13 357.45 23.66 0.86 2.98 0.20 0.03
Miscellaneous land (ML) 3.53 4,186.92 1,186.01 6.64 1.05 0.30 0.01 991.22 280.78 10.23 0.25 0.07 0.01
Total 891.35 1,498,484.70 100.00 327,763.91 100.00 223,621.85 100.00 49,650.28 100.00
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Table 7.48 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2028 under Scenario |Il.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 36.65 85,385.38 2,329.91 13.05 4,773.48 130.25 3.48 11,196.60 305.52 11.03 626.05 17.08 292
Paddy field (PD) 274.37 904,867.58 3,297.96 18.47 246,743.16 899.30 24.02 136,427.60 497.24 17.95 37,207.53 135.61 23.18
Field crop (FC) 32.79 108,074.73 3,295.74 18.45 29,470.28 898.70 24.00 20,117.90 613.49 22.15 5,486.70 167.32 28.60
Para rubber (RB) 19.59 58,790.60 3,000.46 16.80 17,634.40 900.00 24.04 8,469.49 432.25 15.61 2,540.85 129.68 2217
Perennial tree and orchard (PO) 32.17 96,927.17 3,012.99 16.87 29,073.57 903.75 24.14 14,374.42 446.83 16.13 4,312.33 134.05 2291
Forest land (FO) 403.96 218,084.18 539.87 3.02 1,332.53 3.30 0.09 32,103.90 79.47 2.87 196.19 0.49 0.08
Water body (WB) 40.47 12.13 0.30 0.00 12.13 0.30 0.01 2.75 0.07 0.00 2.75 0.07 0.01
Rangeland (RL) 32.78 19,628.90 598.72 3.35 107.94 3.29 0.09 2,616.99 79.82 2.88 14.39 0.44 0.08
Wetland (WL) 14.96 8,946.13 598.06 3.35 74.54 4.98 0.13 352.96 23.60 0.85 2.94 0.20 0.03
Miscellaneous land (ML) 3.61 4,283.04 1,186.35 6.64 1.07 0.30 0.01 1,051.59 291.28 10.52 0.26 0.07 0.01
Total 891.35 1,504,999.84 100.00 329,223.10 100.00 226,714.19 100.00 50,389.99 100.00

Table 7.49 Contribution of nutrient (nitrogen and phosphorus) load and export by LULC classes in 2029 under Scenario |II.

Area Nitrogen loads Phosphorus loads Nitrogen export Phosphorus export
LULC types Average Average Average Average
km? Total (kg.) % Total (kg.) % Total (kg.) % Total (kg.) %
(kg/km?) (kg/km?) (kg/km?) (kg/km?)
Urban and built-up area (UR) 36.96 86,150.49 2,331.06 13.04 4,817.17 130.34 3.48 11,329.76 306.56 10.97 633.49 17.14 291
Paddy field (PD) 280.20 924,496.58 3,299.39 18.46 252,143.21 899.86 24.01 140,538.09 501.56 17.95 38,328.57 136.79 23.23
Field crop (FCO) 34.11 112,856.57 3,308.37 18.51 30,780.01 902.31 24.07 21,438.94 628.48 22.49 5,846.98 171.40 29.11
Para rubber (RB) 19.78 59,396.35 3,003.02 16.80 17,819.45 900.93 24.04 8,631.81 436.42 15.61 2,589.54 130.92 22.24
Perennial tree and orchard (PO) 26.94 81,057.37 3,008.60 16.83 24,317.96 902.61 24.08 11,784.30 437.40 15.65 3,535.29 131.22 22.29
Forest land (FO) 400.22 216,153.51 540.08 3.02 1,320.98 3.30 0.09 31,873.94 79.64 2.85 194.79 0.49 0.08
Water body (WB) 41.11 12.34 0.30 0.00 12.34 0.30 0.01 2.80 0.07 0.00 2.80 0.07 0.01
Rangeland (RL) 33.44 19,956.11 596.73 3.34 109.76 3.28 0.09 2,683.90 80.25 2.87 14.76 0.44 0.07
Wetland (WL) 14.85 8,898.79 599.10 335 74.16 4.99 0.13 351.07 23.64 0.85 293 0.20 0.03
Miscellaneous land (ML) 3.73 4,439.13 1,190.83 6.66 1.11 0.30 0.01 1,121.52 300.86 10.76 0.28 0.08 0.01
Total 891.35 1,513,417.24 100.00 331,396.15 100.00 229,756.13 100.00 51,149.42 100.00
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Figure 7.31 Spatial distribution of nitrogen and phosphorus export in 2020 under Scenario |Il.
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Figure 7.32 Spatial distribution of nitrogen and phosphorus export in 2021 under Scenario |ll.

¢6c



N
Scenario 111
Nitrogen export in 2022

Kg/ha/year

. High : 0.276

Low : >0

Stream network
from NDR model

Nitrogen export

N

A

Scenario 111
Phosphorus export in 2022
Kg/ha/year

- High : 0.075

B Low i >0

Stream network
from NDR model

Phosphorus export

Figure 7.33 Spatial distribution of nitrogen and phosphorus export in 2022 under Scenario |Il.
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Figure 7.34 Spatial distribution of nitrogen and phosphorus export in 2023 under Scenario |ll.
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Figure 7.35 Spatial distribution of nitrogen and phosphorus export in 2024 under Scenario |Il.
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Figure 7.36 Spatial distribution of nitrogen and phosphorus export in 2025 under Scenario |Il.
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Figure 7.37 Spatial distribution of nitrogen and phosphorus export in 2026 under Scenario |Il.
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Figure 7.38 Spatial distribution of nitrogen and phosphorus export in 2027 under Scenario |ll.
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Figure 7.39 Spatial distribution of nitrogen and phosphorus export in 2028 under Scenario |Il.
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As a result of load and export (nitrogen and phosphorus) by LULC classes under
Scenario lll (Economic crop zonation) between 2020 and 2029 (Tables 7.40 to 7.49),
the highest total nutrient load is found on the paddy field, with a nitrogen value
between 747,941.81 kg. (3,298.95 kg/km?) in 2020 and 924,496.58 kg. (3,299.39 kg/km?)
in 2029, and the value of phosphorus between 204,003.82 kg. (899.80 kg/km?) in 2020
and 252,143.21 kg. (899.86 kg/km?) in 2029. In contrast, the lowest total nitrogen load
occurs on the waterbody, with a value between 10.31 kg. (0.30 kg/kmz) in 2020 and
12.34 kg. (0.30 kg/km?) in 2029, the lowest total phosphorus load occurs on
miscellaneous land, with a value between 0.83 kg. (0.30 kg/km?) in 2020 and 1.11 ke.
(0.30 kg/km?) in 2029. However, the highest average nitrogen load appears on field crop
and paddy field between 2020 and 2029. The highest average phosphorus load
appears on field crops and perennial trees and orchards between 2020 and 2029.

In the meantime, the highest total nutrient export appears on the paddy field,
with a nitrogen value between 103,451.12 kg. (456.29 ke/km?) in 2020 and 140,538.09
kg. (501.56 kg/km?) in 2029, and the value of phosphorus between 28,213.94 kg. (124.44
kg/km?) in 2020 and 38,328.57 kg. (136.79 kg/km?) in 2029. Conversely, the lowest total
nitrogen export occurs on the waterbody, with a value between 2.39 kg. (0.07 kg/km?)
in 2020 and 2.80 kg. (0.07 kg/km?) in 2029, while the lowest total phosphorus export
occurs on miscellaneous land, a value between 0.15 kg. (0.05 kg/km?) in 2020 and 0.28
kg. (0.08 kg/km?) in 2029. This result is similar to Raji, Odunuga, and Fasona (2020), who
found that cropland and agroforestry influenced roughly 90% of the nutrient exported
while water bodies were identified as sinks.

This finding suggests that the change in LULC types associated with the
biophysical table parameters affects nitrogen and phosphorus export. In particular, The
LULC data under this scenario has influences nutrient export due to the LULC data of
Scenario Il (Economic crop zonation) simulated based on the annual rate of LULC
change from transition area matrix between 2009 and 2019 for some LULC types and
the economic crop zonation, particularly the increase of paddy field and field crop
areas and decrease of the perennial tree and orchard areas, which represent dramatic

change under this scenario, which lead to changes the amount load and export of
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nutrient. Hence, it shows significant LULC change under this scenario.

7.7 Comparison of nutrient export estimation among three different

scenarios

The summary on nitrogen and phosphorus export between 2020 and 2029 of
three different scenarios was compared and discussed under this section. Table 7.50
summarizes the average nitrogen and phosphorus export between 2020 and 2029 of
three scenarios and is displayed in Figures 7.41 and 7.42.

As a result, it disclosed that the predictive LULC between 2020 and 2029 of
Scenario Il (Maximization of ecosystem service values) delivers the lowest annual
nitrogen and phosphorus export than Scenario | and Ill, with an average value of 220.04
kg/km? and 48.60 kg/km? due to the allocation area from linear programming to
maximize the ecosystems service values by increasing areas of wetland. In addition,
the increases in wetland areas such as wetland restoration and constructed riparian
wetlands can reduce nitrogen export (Yan et al., 2018) and phosphorus (Nitin K Singh
et al,, 2019) that enter water bodies. Besides, based on the biophysical table, wetland
provides the highest maximum retention efficiency and gives a small load in nitrogen
and phosphorus.

Moreover, the paddy field area decreased, affecting the nutrient export
because this LULC type supplies the highest nitrogen and phosphorus load with low
maximum retention efficiency. Whereas scenario Il (Economic crop zonation) generates
the highest nutrient export than other scenarios since the paddy field and field crop
areas increase according to their suitability classes by the LDD, these areas provide the
highest nitrogen and phosphorus load but low maximum retention efficiency. This
result agrees with Mei, Kong, Ke, and Yang (2017), who applied the NDR model to
calculate nutrient export under two different scenarios. They found that the cropland
balance policy negatively impacts water purification by increasing nitrogen export,

which is 8.36% higher than the No strict cropland protection scenario.
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Table 7.50 Average nitrogen and phosphors export (kg/km?) between 2020 and 2029

of three different scenarios.

Nitrogen export

Phosphorus export

Year
Scenario | Scenario |l Scenario lll Scenario | Scenario |l Scenario lll
2020 222.10 220.97 224.81 48.64 48.37 49.31
2021 22391 219.76 229.12 49.18 48.23 50.39
2022 225.34 219.25 232.69 49.58 48.20 51.29
2023 226.93 219.62 236.63 50.06 48.40 52.26
2024 228.19 219.49 239.83 50.43 48.42 53.03
2025 230.18 219.88 244.01 51.04 48.62 54.08
2026 231.94 219.80 247.46 51.57 48.71 54.91
2027 23312 220.20 250.88 51.91 48.85 55.70
2028 234.84 220.66 254.35 52.44 49.04 56.53
2029 236.62 220.81 257.76 52.98 49.14 57.38
Average 229.32 220.04 241.75 50.78 48.60 53.49
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Figure 7.41 Comparison of nitrogen export between 2020 and 2029 of three different

scenarios.
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CHAPTER VIII
SUITABLE LAND USE AND LAND COVER ALLOCATION SCENARIOS
TO MINIMIZE SEDIMENT AND NUTRIENT EXPORTS

This chapter presents the results of the fifth objective focusing on the suitable
LULC allocation from three scenarios to minimize sediment and nutrient exports using
ecosystems services change index (ESCI). The main results consist of (1) suitable LULC
allocation scenarios to minimize sediment export, (2) suitable LULC allocation
scenarios to minimize nutrient export, and (3) suitable LULC allocation scenarios to
minimize sediment and nutrient export are here described and discussed in detail.

The ecosystems services change index (ESCI), as proposed by Leh, Matlock,
Cummings, and Nalley (2013), was applied to assess the ecosystem services states (ES).
The ESCI represents the relative gain or loss of each ecosystem service. It ranges from
negative 1 to positive 1, with an ESCI of 0 indicating no change in ecosystem services.
In contrast, a negative 1 ESCl indicates a loss of all the ecosystem services relative to
baseline. Thus, the ESCI provides the state of change in particular services, i.e.,
sediment and nutrient export due to LULC change.

In this study, to quantify the cumulative impacts on all ecosystem services, the
ESCI was first calculated from estimated sediment and nutrient export at the watershed
level using SDR and NDR models based on the actual LULC data in 2019 and the
predictive LULC data of three different scenarios using the CLUE-S model and
simulated rainfall data of the NCAR between 2020 and 2029. Then, the derived ESCI,
the lowest value, was further applied to identify suitable LULC allocation scenarios for
minimizing sediment and nutrient exports into Kwan Phayao Lake, Upper Ing

watershed.
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8.1 Suitable LULC allocation scenario to minimize sediment export

Under this section, the characteristics of ESCI of sediment export from three
different scenarios are evaluated and compared to identify a suitable LULC allocation
scenario for minimizing sediment export in terms of ecosystem service change.

8.1.1 Ecosystem service change on sediment export of Scenario |

Ecosystem service change on sediment export of Scenario | (Trend of
LULC evolution) and its ESCl is summarized in Table 8.1 and comparative displayed in
Figure 8.1.

As a result, it discloses that the lowest sediment export of Scenario | will
occur in 2022 with the value of 32,373.49 tons, and the highest sediment export will
occur in 2026 with the value of 58,797.97 tons. An average sediment export between
2020 and 2029 was 43,723.02 tons. Moreover, all predictive sediment export of
Scenario | in this period is higher than sediment export of base year in 2019. This result
indicates that the increasing sediment export of Scenario | during 2020 and 2029 affects
ecosystem service in terms of low retention capacity compared with sediment export
of base year data in 2019.

In addition, the ecosystem service change index (ESCI) identifies that the
lowest cumulative ecosystem services gain from sediment export under this scenario
from 2019 to 2029 will occur in 2022, with a value of 0.2253. On the contrary, the
highest cumulative ecosystem service gain from sediment export will occur in 2026,
with a value of 1.2254. The average ESCI of sediment export in this scenario was 0.6548.

The significant driver of these findings is LULC change in the future based
on the historical trend using the Markov Chain model. Additionally, predictive rainfall
data of the RCPs 8.5 simulation model of NCAR, which characterizes the impact of
climate change on water yield (Riahi, Grubler and Nakicenovic, 2007), play a significant
role in rainfall erosivity calculation. These factors directly affect estimated sediment
export between 2020 and 2029. (See detail more in Section 6.4 of Chapter 6). However,
the value of ESCl is assessed from the value of sediment export, which means that the
high value of ESCI under Scenario |, represents the low sediment retention capability

for water purification.
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Table 8.1 Ecosystem service on sediment export and its ESCI value under Scenario |.

Year Sediment export (tons) ESCI Period
2019 26,421.41

2020 41,445.02 0.5686 2019-2020
2021 35,685.45 0.3506 2019-2021
2022 32,373.49 0.2253 2019-2022
2023 41,954.52 0.5879 2019-2023
2024 39,669.68 0.5014 2019-2024
2025 48,329.18 0.8292 2019-2025
2026 58,797.97 1.2254 2019-2026
2027 42,549.03 0.6104 2019-2027
2028 46,867.05 0.7738 2019-2028
2029 49,558.85 0.8757 2019-2029

Average 43,723.02* 0.6548

Note: * The average value from data between 2020 and 2029.
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Figure 8.1 Ecosystem service on sediment export and its ESCI value under Scenario I.
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8.1.2 Ecosystem service change on sediment export of Scenario Il

Ecosystem service change on sediment export of Scenario Il (Maximization
ecosystem service values) and its ESCl is summarized in Table 8.2 and comparative
displayed in Figure 8.2.

As a result, it reveals that the lowest sediment export of Scenario Il will
occur in 2022 with the value of 30,190.61 tons, and the highest sediment export will
occur in 2026 with the value of 48,115.01 tons. The average sediment export of this
scenario between 2020 and 2029 was 37,677.19 tons. Moreover, all predictive sediment
export between 2020 and 2029 of Scenario Il is higher than sediment export of base
year in 2019. This result indicates that the increasing sediment export of Scenario Il
during 2020 and 2029 affects ecosystem service in terms of low retention capacity
compared with sediment export of base year data in 2019.

In addition, the ecosystem service change index (ESCI) identifies that the
lowest cumulative ecosystem services gain from sediment export under this scenario
from 2019 to 2029 will occur in 2022, with a value of 0.1427. On the contrary, the
highest cumulative ecosystem service gain from sediment export will occur in 2026,
with a value of 0.8211. The average ESCI of sediment export in this scenario was 0.4260.
These findings show the effect of predictive rainfall erosivity and LULC change on
sediment export prediction under this scenario, as mentioned earlier under Section
8.1.1 and in Section 6.5 of Chapter 6. Although this scenario allocates the areas to
reduce sediment export by increasing wetland area and reducing the rangeland and
miscellaneous land, it still provides the value of sediment export higher than the base
year. Besides, the value of ESCl is evaluated from the value of sediment export, which
implies that the high value of ESCI under scenario Il represents the low sediment

retention capability for water purification.
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Table 8.2 Ecosystem service on sediment export and its ESCI value under Scenario |l.

Year Sediment export (tons) ESCI Period
2019 26,421.41

2020 40,979.13 0.5510 2019-2020
2021 34,149.06 0.2925 2019-2021
2022 30,190.61 0.1427 2019-2022
2023 38,483.96 0.4565 2019-2023
2024 35,659.13 0.3496 2019-2024
2025 41,526.64 0.5717 2019-2025
2026 48,115.01 0.8211 2019-2026
2027 33,851.75 0.2812 2019-2027
2028 36,216.79 0.3707 2019-2028
2029 37,599.82 0.4231 2019-2029

Average 37,677.19* 0.4260

Note: * The average value from data between 2020 and 2029.
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Figure 8.2 Ecosystem service on sediment export and its ESCI value under Scenario II.
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8.1.3 Ecosystem service change on sediment export of Scenario llI

Ecosystem service change on sediment export of Scenario Ill (Economic
crop zonation) and its ESCl is summarized in Table 8.3 and comparative displayed in
Figure 8.3.

As a result, it exposes that the lowest sediment export of Scenario Il will
occur in 2022 with the value of 34,520.48 tons, and the highest sediment export will
occur in 2026 with the value of 76,068.33 tons. The average sediment export of this
scenario between 2020 and 2029 was 54,568.42 tons. Moreover, all predictive sediment
export between 2020 and 2029 of Scenario Il is higher than sediment export of base
year in 2019. This result indicates that the increasing sediment export of Scenario |Il
during 2020 and 2029 affects ecosystem service in terms of low retention capacity
compared with sediment export of base year data in 2019.

Additionally, the ecosystem service change index (ESCI) identifies that the
lowest cumulative ecosystem services gain from sediment export under this scenario
from 2019 to 2029 will occur in 2022, with a value of 0.3065. On the contrary, the
highest cumulative ecosystem service gain from sediment export will occur in 2026,
with a value of 1.8790. The average ESCI of sediment export in this scenario was 1.0653.

These findings show the effect of predictive rainfall erosivity and LULC
change on sediment export prediction under this scenario, as mentioned earlier under
Section 8.1.1 and in Section 6.6 of Chapter 6. In particular, the increase of economic
crop, i.e., paddy field and field crop based on their suitable zonation. Nevertheless,
the value of ESCl is estimated from the value of sediment export, which denotes that
the high value of ESCl under scenario Il represents the low sediment retention

capability for water purification.
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Table 8.3 Ecosystem service on sediment export and its ESCI value under Scenario lIl.

Year Sediment export (tons) ESCI Period
2019 26,421.41

2020 43,130.50 0.6324 2019-2020
2021 37,330.55 0.4129 2019-2021
2022 34,520.48 0.3065 2019-2022
2023 46,451.16 0.7581 2019-2023
2024 47,447.38 0.7958 2019-2024
2025 59,526.42 1.2530 2019-2025
2026 76,068.33 1.8790 2019-2026
2027 59,092.34 1.2365 2019-2027
2028 67,376.26 1.5501 2019-2028
2029 74,740.75 1.8288 2019-2029

Average 54,568.42* 1.0653

Note: * The average value from data between 2020 and 2029.
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Figure 8.3 Ecosystem service on sediment export and its ESCI value under Scenario |Il.
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8.1.4 Suitable LULC allocation scenario to minimize sediment export

The ESCI values on sediment export and its average from three different
scenarios in the Upper Ing watershed were compared to identify a suitable LULC
allocation scenario for minimizing sediment export in terms of ecosystem service
change, as shown in Table 8.4 and Figure 8.4.

As a result, it was found that LULC of Scenario Il (Maximization ecosystem
service values) generates the lowest sediment export in every year from 2020 to 2029
among three LULC allocation scenarios, with an average sediment export of 37,677.19
tons. The cumulative ESCI values on sediment export of this scenario are also the
lowest, with an average ESC| value of 0.4260. (See detail in Table 8.4). Therefore, LULC
allocation of Scenario Il (Maximization ecosystem service values) is chosen to minimize
sediment export in Kwan Phayao Lake, Upper Ing watershed. Moreover, the average
ESCI of three different LULC scenarios has tested the difference of mean using t-Test
statistics. The result demonstrates significant differences among average ESCI values
on sediment export of three different scenarios at a 95% confidential level, as shown

in detail in Table 8.5.

Table 8.4 Sediment export and ESCI value and its average of three different scenarios.

Scenario | Scenario Il Scenario I
Year Period
Sediment export Sediment export Sediment export
(tons) = (tons) =9 (tons) Fcl

2019 26,421.41 26,421.41 26,421.41
2020  2019-2020 41,445.02 0.5686 40,979.13 0.5510 43,130.50 0.6324
2021 2019-2021 35,685.45 0.3506 34,149.06 0.2925 37,330.55 0.4129
2022 2019-2022 32,373.49 0.2253 30,190.61 0.1427 34,520.48 0.3065
2023 2019-2023 41,954.52 0.5879 38,483.96 0.4565 46,451.16 0.7581
2024  2019-2024 39,669.68 0.5014 35,659.13 0.3496 47,447.38 0.7958
2025  2019-2025 48,329.18 0.8292 41,526.64 0.5717 59,526.42 1.2530
2026 2019-2026 58,797.97 1.2254 48,115.01 0.8211 76,068.33 1.8790
2027  2019-2027 42,549.03 0.6104 33,851.75 0.2812 59,092.34 1.2365
2028  2019-2028 46,867.05 0.7738 36,216.79 0.3707 67,376.26 1.5501
2029  2019-2029 49,558.85 0.8757 37,599.82 0.4231 74,740.75 1.8288

Average 43,723.02* 0.6548 37,677.19*% 0.4260 54,568.42* 1.0653

Note: * The average value from data between 2020 and 2029.
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Figure 8.4 Comparison of ESCI on sediment export of three different scenarios.

Table 8.5 Details of t-Test for average ESCI values on sediment export among three

different scenarios.

Mean Variance t Critical
Pairwise of Scenario df t- Stat
Variable 1  Variable 2 Variable 1 Variable 2 2-tail
| and I 0.6548 0.4260 0.0815 0.0358 9 45002 2.2622
[ and Il 0.6548 1.0653 0.0815 0.3223 9 -3.9847 2.2622
IIand lll 0.4260 1.0653 0.0358 0.3223 9 -4.1715 2.2622

8.2 Suitable LULC allocation scenario to minimize nutrient export
Under this section, the characteristics of ESCI of nutrient export from three

different scenarios are assessed and compared to identify a suitable LULC allocation

scenario for minimizing nutrient export in terms of ecosystem service change.

8.2.1 Ecosystem service change on Nutrient export of Scenario |
Ecosystem service change on nutrient export of Scenario | (Trend of LULC
evolution) and its ESCl is summarized in Table 8.6 and 8.7 and displayed in Figures 8.5
and 8.6.
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As a result, it discloses that the lowest nitrogen and phosphorus export
of Scenario | will occur in 2020 with 197,972.93 kilograms and 43,358.11 kilograms, and
the highest nitrogen and phosphorus export will occur in 2029, with a value of
210,907.86 kilograms and 47,221.47 kilograms, respectively. The average nitrogen and
phosphorus exports between 2020 and 2029 are 204,402.70 kilograms and 45,265.24
kilograms. Moreover, all predictive nutrient export between 2020 and 2029 of Scenario
| are higher than nutrient export of the base year in 2019. This result indicates that the
increasing nutrient export of Scenario | during 2020 and 2029 affects ecosystem service
in water quality by higher contaminating of nitrogen and phosphorus from the change
of LULC compared with nutrient export of base year data in 2019.

In addition, the ecosystem service change index (ESCI) identifies that the
lowest cumulative ecosystem services gain from nitrogen and phosphorus export
under this scenario from 2019 to 2029 will occur in 2020, with a value of 0.0241 and
0.0329. On the contrary, the highest cumulative ecosystem service gain from nitrogen
and phosphorus export will occur in 2029, with a value of 0.0910 and 0.1249. An
average ESCI of nitrogen and phosphorus exports in this scenario was 0.0574 and
0.0783, respectively.

These findings show the effect of nutrient loading associated with LULC
change on nutrient export prediction under this scenario, as mentioned in Section 7.4
of Chapter 7. Therefore, LULC changes are the main driver for nutrient export on water
purification ecosystem services (Chang, 2004). Nutrient exports and retention respond
almost exclusively to land cover with high sensitivity to the export coefficients
explaining changes in the scenarios (Hoyer and Chang, 2014). However, the value of
ESCl is assessed from the value of nutrient export, which means that the high value of
ESCI under Scenario | represents the low retention efficiency of that LULC for water

purification.
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Table 8.6 Ecosystem service on nitrogen export and its ESCI value under Scenario |.

Year Nitrogen export (kilograms) ESCI Period
2019 193,307.56

2020 197,972.93 0.0241 2019-2020
2021 199,580.02 0.0324 2019-2021
2022 200,858.16 0.0391 2019-2022
2023 202,275.64 0.0464 2019-2023
2024 203,395.90 0.0522 2019-2024
2025 205,172.77 0.0614 2019-2025
2026 206,743.37 0.0695 2019-2026
2027 207,795.18 0.0749 2019-2027
2028 209,32.14 0.0829 2019-2028
2029 210,907.86 0.0910 2019-2029

Average 204,402.70* 0.0574

Note: * The average value from data between 2020 and 2029.

Table 8.7 Ecosystem service on phosphorus export and its ESCI value under

Scenario .

Year Phosphorus export (kilograms) ESCI Period
2019 41,978.66

2020 43,358.11 0.0329 2019-2020
2021 43,832.43 0.0442 2019-2021
2022 44,196.29 0.0528 2019-2022
2023 44,619.00 0.0629 2019-2023
2024 44,951.18 0.0708 2019-2024
2025 45,494.30 0.0837 2019-2025
2026 45,966.11 0.0950 2019-2026
2027 46,273.02 0.1023 2019-2027
2028 46,740.48 0.1134 2019-2028
2029 47,221.47 0.1249 2019-2029

Average 45,265.24* 0.0783

Note: * The average value from data between 2020 and 2029.
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Figure 8.5 Ecosystem service on nitrogen export and its ESCI value under Scenario .
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Scenario |.
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8.2.2 Ecosystem service change on nutrient export of Scenario Il

Ecosystem service change on nutrient export of Scenario Il (Maximization
ecosystem service values) and its ESCl is summarized in Table 8.8 and 8.9, and
comparative displayed in Figure 8.7 and 8.8.

As a result, it reveals that the lowest nitrogen and phosphorus export of
Scenario | will occur in 2022 with 195,426.12 kilograms and 42,961.10 kilograms, and
the highest nitrogen export will occur in 2020, and the highest phosphorus export will
arise in 2029, with a value of 196,964.74 kilograms and 43,797.81 kilograms,
respectively. The average nitrogen and phosphorus exports between 2020 and 2029
are 196,135.56 kilograms and 43,316.82 kilograms.

Moreover, all predictive nutrient export between 2020 and 2029 of
Scenario Il is higher than nutrient export of the base year in 2019. This result indicates
that the increasing nutrient export of Scenario Il during 2020 and 2029 affects
ecosystem service in water quality by higher contaminating of nitrogen and phosphorus
from the change of LULC compared with nutrient export of base year data in 2019.

In addition, the ecosystem service change index (ESCI) identifies that the
lowest cumulative ecosystem services gain from nitrogen and phosphorus export
under this scenario from 2019 to 2029 will happen in 2022, with a value of 0.0110 and
0.0234. On the contrary, the highest cumulative ecosystem service gain from nitrogen
export will occur in 2020, and phosphorus export will arise in 2029, with a value of
0.0189 and 0.0433, respectively. An average ESCI of nitrogen and phosphorus exports
in this scenario was 0.0146 and 0.0319, respectively.

These findings show the effect of nutrient loading associated with LULC
change on nutrient export prediction under this scenario, as mentioned earlier under
Section 8.2.1 and in Section 7.5 of Chapter 7. Although this scenario allocates the areas
to reduce nutrient export by increasing wetland area and reducing the rangeland and
miscellaneous land, it still provides the value of nutrient export higher than the base
year. Moreover, the value of ESCl is evaluated from the value of nutrient export, which
implies that the high value of ESCI under scenario Il represents the low retention

efficiency of that LULC for water purification.
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Table 8.8 Ecosystem service on nitrogen export and its ESCI value under Scenario |I.

Year Nitrogen export (kilograms) ESCI Period
2019 193,307.56

2020 196,964.74 0.0189 2019-2020
2021 195,883.51 0.0133 2019-2021
2022 195,426.12 0.0110 2019-2022
2023 195,754.01 0.0127 2019-2023
2024 195,641.77 0.0121 2019-2024
2025 195,988.64 0.0139 2019-2025
2026 195915.15 0.0135 2019-2026
2027 196,276.87 0.0154 2019-2027
2028 196,689.44 0.0175 2019-2028
2029 196,815.34 0.0181 2019-2029

Average 196,135.56* 0.0146

Note: * The average value from data between 2020 and 2029.

Table 8.9 Ecosystem service on phosphorus export and its ESCI value under

Scenario Il.

Year Phosphorus export (kilograms) ESCI Period
2019 41,978.66

2020 43,117.85 0.0271 2019-2020
2021 42,988.62 0.0241 2019-2021
2022 42,961.10 0.0234 2019-2022
2023 43,137.70 0.0276 2019-2023
2024 43,160.14 0.0281 2019-2024
2025 43,334.48 0.0323 2019-2025
2026 43,415.07 0.0342 2019-2026
2027 43,540.77 0.0372 2019-2027
2028 43,714.70 0.0414 2019-2028
2029 43,797.81 0.0433 2019-2029

Average 43,316.82* 0.0319

Note: * The average value from data between 2020 and 2029.
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Figure 8.7 Ecosystem service on nitrogen export and its ESCI value under Scenario II.
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8.2.3 Ecosystem service change on nutrient export of Scenario llI

Ecosystem service change on nutrient export of Scenario Il (Economic
crop zonation) and its ESCl is summarized in Table 8.10 and 8.11, and comparative
displayed in Figure 8.9 and 8.10.

As a result, it discloses that the lowest nitrogen and phosphorus export
of Scenario IIl will occur in 2020 with 200,387.36 kilograms and 43,956.03 kilograms.
The highest nitrogen and phosphorus export will occur in 2029, with a value of
229,756.13 kilograms and 51,149.42 kilograms, respectively. Average nitrogen and
phosphorus exports between 2020 and 2029 are 215,488.15 kilograms and 47,677.82
kilograms. Moreover, all predictive nutrient export between 2020 and 2029 of Scenario
Il is higher than nutrient export of the base year in 2019. This result indicates that the
increasing nutrient export of Scenario Ill during 2020 and 2029 affects ecosystem service
in water quality by higher contaminating of nitrogen and phosphorus from the change
of LULC compared with nutrient export of base year data in 2019.

In addition, the ecosystem service change index (ESCI) identifies that the
lowest cumulative ecosystem services gain from nitrogen and phosphorus export
under this scenario from 2019 to 2029 will occur in 2020, with a value of 0.0366 and
0.0471. On the contrary, the highest cumulative ecosystem service gain from nitrogen
and phosphorus export will occur in 2029, with a value of 0.1886 and 0.2185. An
average ESCI of nitrogen and phosphorus exports in this scenario was 0.1147 and
0.1358, respectively.

These findings show the effect of nutrient loading associated with LULC
change on nutrient export prediction under this scenario, as mentioned earlier under
Section 8.2.1 and in Section 7.6 of Chapter 7. In particular, the increase of economic
crop, i.e., paddy field and field crop based on their suitable zonation. However, the
value of ESCl is assessed from the value of nutrient export, which denotes that the
high value of ESCI under scenario Ill represents the low retention efficiency of that

LULC for water purification.



322

Table 8.10 Ecosystem service on nitrogen export and its ESCI value under Scenario lI.

Year Nitrogen export (kilograms) ESCI Period
2019 193,307.56

2020 200,387.36 0.0366 2019-2020
2021 204,228.36 0.0565 2019-2021
2022 207,404.15 0.0729 2019-2022
2023 210,923.54 0.0911 2019-2023
2024 213,774.11 0.1059 2019-2024
2025 217,498.34 0.1251 2019-2025
2026 220,573.44 0.1410 2019-2026
2027 223,621.85 0.1568 2019-2027
2028 226,714.19 0.1728 2019-2028
2029 229,756.13 0.1886 2019-2029

Average 215,488.15* 0.1147

Note: * The average value from data between 2020 and 2029.

Table 8.11 Ecosystem service on phosphorus export and its ESClI value under

Scenario lI.

Year Phosphorus export (kilograms) ESCI Period
2019 41,978.66

2020 43,956.03 0.0471 2019-2020
2021 44,919.41 0.0701 2019-2021
2022 45,715.39 0.0890 2019-2022
2023 46,580.29 0.1096 2019-2023
2024 47,267.91 0.1260 2019-2024
2025 48,206.67 0.1484 2019-2025
2026 48,942.83 0.1659 2019-2026
2027 49,650.28 0.1828 2019-2027
2028 50,389.99 0.2004 2019-2028
2029 51,149.42 0.2185 2019-2029

Average 47,677.82* 0.1358

Note: * The average value from data between 2020 and 2029.
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Figure 8.9 Ecosystem service on nitrogen export and its ESCI value under Scenario IIl.
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Scenario Il
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8.2.4 Suitable LULC allocation scenario to minimize nutrient export

The ESCI values on nutrient export and its average from three different
scenarios in the Upper Ing watershed were compared to identify suitable LULC
allocation scenario for minimizing nutrient export in terms of ecosystem service
change, as shown in Table 8.12 and 8.13, and Figure 8.11 and 8.12.

As a result, it was found that LULC of Scenario Il (Maximization ecosystem
service values) produces the lowest nutrient (nitrogen and phosphorus) export every
year from 2020 to 2029 among three LULC allocation scenarios, with an average value
of 196,135.56 kilograms and 43,316.82 kilograms for nitrogen and phosphorus. The
cumulative ESCI values on nutrient export of this scenario are also the lowest, with an
average ESCl value of nitrogen and phosphorus 0.0146 and 0.0319. (See detail in Tables
8.12 and 8.13). Therefore, LULC allocation of Scenario II (Maximization ecosystem
service values) is selected to minimize nutrient export in Kwan Phayao Lake, Upper Ing
watershed. Moreover, the average ESCl of three different LULC scenarios has tested
the difference of mean using t-Test statistics. The result demonstrates significant
differences among average ESCI values on nutrient export of three different scenarios

at a 95% confidential level, as shown in detail in Table 8.14.

Table 8.12 Nitrogen export and ESCI value and its average of three different scenarios.

Scenario | Scenario Il Scenario |l
Year Period
Nitrogen _p Nitrogen . Nitrogen EsC]
export (kg.) export (kg.) export (kg.)
2019 193,307.56 193,307.56 193,307.56
2020  2019-2020 197,972.93 0.0241 196,964.74 0.0189 200,387.36 0.0366
2021 2019-2021 199,580.02 0.0324 195,883.51 0.0133 204,228.36 0.0565
2022 2019-2022 200,858.16 0.0391 195,426.12 0.0110 207,404.15 0.0729
2023 2019-2023 202,275.64 0.0464 195,754.01 0.0127 210,923.54 0.0911
2024  2019-2024 203,395.90 0.0522 195,641.77 0.0121 213,774.11 0.1059
2025  2019-2025 205,172.77 0.0614 195,988.64 0.0139 217,498.34 0.1251
2026  2019-2026 206,743.37 0.0695 195,915.15 0.0135 220,573.44 0.1410
2027 2019-2027 207,795.18 0.0749 196,276.87 0.0154  223,621.85 0.1568
2028  2019-2028 209,325.14 0.0829 196,689.44 0.0175 226,714.19 0.1728
2029  2019-2029 210,907.86 0.0910 196,815.34 0.0181 229,756.13 0.1886
Average 204,402.70% 0.0574 196,135.56* 0.0146  215,488.15* 0.1147

Note: * The average value from data between 2020 and 2029.



325

Table 8.13 Phosphorus export and ESCI value and its average of three different

scenarios.
Scenario | Scenario |l Scenario I

Year Period

Phosphorus Phosphorus Phosphorus

export (kg.) £c export (kg.) Bc export (kg.) Bc
2019 41,978.66 41,978.66 41,978.66
2020  2019-2020 43,358.11 0.0329 43,117.85 0.0271 43,956.03 0.0471
2021  2019-2021 43,832.43 0.0442 42,988.62 0.0241 44,919.41 0.0701
2022 2019-2022 44,196.29 0.0528 42,961.10 0.0234 45,715.39 0.0890
2023 2019-2023 44,619.00 0.0629 43,137.70 0.0276 46,580.29 0.1096
2024 2019-2024 44.951.18 0.0708 43,160.14 0.0281 47,267.91 0.1260
2025  2019-2025 45,494.30 0.0837 43,334.48 0.0323 48,206.67 0.1484
2026  2019-2026 45,966.11 0.0950 43.415.07 0.0342 48,942.83 0.1659
2027  2019-2027 46,273.02 0.1023 43,540.77 0.0372 49,650.28 0.1828
2028  2019-2028 46,740.48 0.1134 43714.70 0.0414 50,389.99 0.2004
2029  2019-2029 47,221.47 0.1249 43,797.81 0.0433 51,149.42 0.2185

Average 45,265.24* 0.0783 43,316.82* 0.0319 47,677.82* 0.1358

Note: * The average value from data between 2020 and 2029.
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Figure 8.11 Comparison of ESCI on nitrogen export of three different scenarios.
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Figure 8.12 Comparison of ESCI on phosphorus export of three different scenarios.

Table 8.14 Details of t-Test for average ESCI values on nitrogen export among three

different scenarios.

Mean Variance t Critical
Pairwise of Scenario df t- Stat
Variable 1 Variable 2 Variable 1  Variable 2 2-tail
land Il 0.0574 0.0146 0.0005 0.0000 9  6.2809 2.2622
land Il 0.0574 0.1147 0.0005 0.0026 9 -6.3392 2.2622
Iland Il 0.0146 0.1147 0.0000 0.0026 9 -6.3214 2.2622

Table 8.15 Details of t-Test for average ESC| values on phosphorus export among three

different scenarios.

Mean Variance t Critical
Pairwise of Scenario df t- Stat
Variable 1 Variable 2 Variable 1 Variable 2 2-tail
land Il 0.0783 0.0319 0.0009 0.0000 9 6.0779 2.2622
[and Il 0.0783 0.1358 0.0009 0.0033 9 -6.8310 2.2622

I'and Il 0.0319 0.1358 0.0000 0.0033 9 -6.4782 2.2622
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8.3 Suitable LULC allocation scenario to minimize sediment and

nutrient export

The average ESCI values of sediment and nutrient (nitrogen and phosphorus)
exports from three different LULC allocation scenarios in the Upper Ing watershed were
compared to identify suitable LULC allocation scenario to minimize sediment and
nutrient export in terms of ecosystem service change, as shown in Figure 8.13 and
summary in Table 8.16.

As a result, average cumulative ESCI values of sediment and nutrient export
ecosystem services from LULC allocation of Scenario Il (Maximization ecosystem
service values) can provide the lowest value, with an average ESCI value of 0.1575
among three different LULC scenarios. Additionally, Scenario Il creates the lowest yield
of sediment, nitrogen, phosphorus exports between 2020 and 2029 among scenarios,
with average values of 37,677.19 tons, 196,135.56 kilograms, 43,316.82 kilograms,
respectively.

Therefore, LULC allocation of Scenario Il (Maximization ecosystem service
value) is selected as the suitable LULC allocation scenario to minimize sediment and
nutrient exports into Kwan Phayao Lake, Upper Ing watershed. These findings can serve
as crucial information to allocate LULC Upper Ing watershed by land use planners,
land managers, and decision-makers for minimizing sediment and nutrient loads into

Kwan Phayao Lake in the future.
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Average ESCI values of sediment and nutrient export on ecosystem service

among three scenarios in Kwan Phayao Lake, Upper Ing watershed
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Figure 8.13 Comparison of average ESCI value of sediment and nutrient export on

ecosystem service among three scenarios.



Table 8.16 Average ESCI values of sediment and nutrient export on ecosystem service among three different scenarios.

Scenario | Scenario Il Scenario Il
Period Sediment Nitrogen Phosphorus Sediment Nitrogen Phosphorus Sediment  Nitrogen  Phosphorus

export export export Average export export export Average export export export Average

(tons) (kg.) (kg.) (tons) (kg.) (kg.) (tons) (kg.) (kg.)
2019-2020 0.5686 0.0241 0.0329 0.2085 0.5510 0.0189 0.0271 0.1990 0.6324 0.0366 0.0471 0.2387
2019-2021 0.3506 0.0324 0.0442 0.1424 0.2925 0.0133 0.0241 0.1100 0.4129 0.0565 0.0701 0.1798
2019-2022 0.2253 0.0391 0.0528 0.1057 0.1427 0.0110 0.0234 0.0590 0.3065 0.0729 0.0890 0.1562
2019-2023 0.5879 0.0464 0.0629 0.2324 0.4565 0.0127 0.0276 0.1656 0.7581 0.0911 0.1096 0.3196
2019-2024 0.5014 0.0522 0.0708 0.2081 0.3496 0.0121 0.0281 0.1299 0.7958 0.1059 0.1260 0.3426
2019-2025 0.8292 0.0614 0.0837 0.3248 0.5717 0.0139 0.0323 0.2060 1.2530 0.1251 0.1484 0.5088
2019-2026 1.2254 0.0695 0.0950 0.4633 0.8211 0.0135 0.0342 0.2896 1.8790 0.1410 0.1659 0.7287
2019-2027 0.6104 0.0749 0.1023 0.2625 0.2812 0.0154 0.0372 0.1113 1.2365 0.1568 0.1828 0.5254
2019-2028 0.7738 0.0829 0.1134 0.3234 0.3707 0.0175 0.0414 0.1432 1.5501 0.1728 0.2004 0.6411
2019-2029 0.8757 0.0910 0.1249 0.3639 0.4231 0.0181 0.0433 0.1615 1.8288 0.1886 0.2185 0.7453
Average 0.2635 0.1575 0.4386

6C%



CHAPTER IX
CONCLUSION AND RECOMMENDATIONS

This chapter first presents the conclusion of five main results, which were
reported in detail according to research objectives of this study, including (1) land use
and land cover evaluation and its change, (2) land requirement estimation of three
different scenarios, (3) land use and land cover prediction of three different scenarios,
(4) ecosystem service assessment: sediment and nutrient export, and (5) suitable land
use and land cover allocation scenario to minimize sediment and nutrient export.

Then, some recommendations are suggested for future research and development.

9.1 Conclusion
9.1.1 Land use and land cover evaluation and its change

The major LULC types in 2009 as the historical record and recent LULC
data in 2019, which were successfully classified by support vector machines algorithm
from Landsat 5 TM and Landsat 8 OLI data, consisted of (1) urban and built-up area,
(2) paddy field, (3) field crop, (4) para rubber, (5) perennial trees and orchards, (6) forest
land, (7) water body, (8) rangeland, (9) wetland and, (10) miscellaneous land. The
dominant increasing areas of LULC types between 2009 and 2019 were perennial trees
and orchards, para rubber, and rangeland with an annual change rate of 1.95, 1.64 and
1.05 km?, respectively. On the contrary, the major decreasing areas of LULC classes in
the same period were forest land and paddy fields with an annual change rate of 3.98
and 2.04 km?, respectively. The primary cause of change areas is probably related to
deforestation to occupy the land for agriculture. In addition, the overall accuracy and
Kappa hat coefficient for accuracy assessment of the thematic LULC map in 2009 and

2019 were 90.86% and 87.00% and 89.59% and 85.85%, respectively.
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9.1.2 Land requirement estimation of three different scenarios

Land requirement estimation for Scenario | (Trend of LULC evolution) was
calculated based on the annual rate of LULC change from the transition area matrix
between 2019 and 2029 using the Markov Chain model. The significant increase of land
requirements from LULC types were perennial trees and orchards, para rubber, water
body, rangeland, urban and built-up area, field crop, and miscellaneous land. In
contrast, the decrease of land requirements from LULC types was forest land, paddy
field, and wetland.

Land requirement estimation for Scenario Il (Maximization of ecosystem
service values) was calculated based on allocated LULC type area to maximize
ecosystem service value with a simple benefit transfer method using linear
programming. The land requirement characteristics of each LULC type were set based
on five categories: historical rate of LULC change (urban and built-up area), unchanged
area (water body), decreased area (rangeland and miscellaneous land), increased area
(wetland land), and allocated area (paddy fields, field crops, para rubber, perennial
trees and orchards, and forest land).

Land requirement estimation for Scenario Ill (Economic crop zonation)
was estimated based on areas of suitability classes for economic crops by the LDD and
Markov Chain model. The suitability zonation of four economic crops (paddy field, field
crop, para rubber, and perennial tree and orchard) was updated with existing LULC
data in 2019 for estimating land requirements. The land requirement characteristics of
each LULC type were set based on three categories: historical rate of LULC change
(urban and built-up area, forest land, water body, rangeland, wetland, and
miscellaneous land), decreased area (para rubber and perennial trees and orchards),

increased area (paddy fields and field crops).

9.1.3 Land use and land cover prediction of three different scenarios
The LULC data between 2020 and 2029 were predicted based on LULC
type location preference (driving factors), an optimum local parameter (conversion

matrix and elasticity), and land requirement of each scenario using the CLUE-S model.
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In this study, the conversion matrix was assigned according to the
characteristics of each scenario, and elasticity values were assigned according to the
transition probability matrix of LULC change between 2019 and 2029 by the Markov
Chain model. Also, nine significant driving factors on LULC change included soil
drainage, slope, annual rainfall, distance to the road, elevation, population density at
the sub-district level, distance to the stream, distance to water body, and distance to
village were applied for specific LULC type allocation using the binomial logit regression
model. The most significant driving factor for all LULC type allocation in the study area
is soil drainage. The derived AUC values vary from 0.79656 (fair fit) to 0.99081(excellent
fit) for each LULC type allocation.

Under Scenario |, the LULC prediction between 2020 and 2029 was
dictated by the historical LULC change between 2009 and 2019, representing socio-
economic development in the study area. Meanwhile, under Scenario II, the significant
LULC types with the increasing area were urban and built-up area, para rubber,
perennial trees/orchards, water body, and wetlands but the several LULC types with
the decreased area were paddy fields, field crops, forest land, rangeland, and
miscellaneous land. The LULC change under this scenario was determined by linear
programming to maximize ecosystem services values, remarkably increasing wetland
and decreasing rangeland and miscellaneous land. In the meantime, the LULC change
under scenario lll was dictated by suitability classes for economic crops zonation by
Agri-Map, particularly paddy field, field crop, para rubber, and perennial tree and
orchard. The significant LULC types with the increasing area were urban and built-up
area, paddy field, field crop, water body, rangeland, and miscellaneous land.
Conversely, the decreased areas were perennial trees and orchards, forest land,
wetland, while the para rubber is stable. Additionally, the deviation values between
the required and predicted area of each LULC type from the three scenarios vary from
-0.23 km? (underestimation) to 0.33 km? (overestimation).

Consequently, it can be concluded that the CLUE-S model was an
efficient tool for LULC prediction since it could provide good results according to

different land requirements in each specific scenario.
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9.1.4 Ecosystem service assessment: sediment and nutrient export

This study successfully implemented sediment and nutrient export
estimation of actual LULC in 2019 and the predictive LULC of three different scenarios
at Upper Ing watershed using the sediment delivery ratio (SDR) model and nutrient
delivery ratio (NDR) model under the InVEST software.

(1) Sediment export estimation

In general, the SDR model reports soil erosion, sediment retention,
sediment deposition, and sediment export. In this study, only sediment export was
selected for ecosystem services in the study area. Sediment export of actual LULC in
2019 and the predictive LULC of three different scenarios were estimated from the
amount of annual soil loss and the proportion of soil loss reaching the stream.

The calibration and validation results of sediment export estimation with
observed data, calculated from annual TSS and annual surface runoff data, provided
a high correlation between the observed and estimated sediment export with R? of
0.697 and 0.824, respectively. The PBIAS values for calibration provided a good fit for
sediment export estimation with a value of -27.03%, whereas the PBIAS value for
validation result was 65.60%, which provides an unsatisfactory fit.

Sediment export in 2019 was about 29.64 tons/km? The LULC types
which delivered high average sediment export were miscellaneous land and field
crops, while forest land transported the lowest average sediment export. The highest
total sediment export from 2020 to 2029 under Scenario | was 65.97 tons/km?,
occurring in 2026, while the lowest total sediment export in this period was 36.32
tons/km? occurring in 2022. Likewise, under Scenario I, the highest total sediment
export was 53.98 tons/km?, occurring in 2026, while the lowest total sediment export
was 33.87 tons/km?, occurring in 2022. Similarly, under Scenario lll, the highest total
sediment export was 85.34 tons/km?, occurring in 2026, while the lowest total
sediment export was 38.73 tons/km?, occurring in 2022. These results indicate the
primary influence of LULC types and the RUSLE model, particularly rainfall erosivity
(R), that affects soil loss as the sediment eroded was exported to the stream. Under

three different scenarios, the LULC types that delivered the high average sediment



334

export were miscellaneous land and field crops, while forest land transported the
lowest average sediment export.

Comparison of sediment export estimation among three scenarios
showed that the predictive LULC between 2020 and 2029 of Scenario Il delivered the
lowest annual sediment export, with an average value of 42.27 tons/km?. This scenario
was increased wetland and decreased areas of rangeland and miscellaneous land,
which were caused by linear programming to maximize the ecosystem service values.
In contrast, the predictive LULC of Scenario Ill delivered the highest annual sediment
export than other scenarios since the paddy field and field crop areas increased
according to their suitability classes by the LDD. This comparison indicated that minor
change areas of miscellaneous land affect soil loss and sediment export. The increased
agriculture areas and decreased forest land cause higher soil loss and sediment export.

(2) Nutrient export estimation

In the NDR model, nitrogen and phosphorus exports as selected
ecosystem services in this study. Nutrient export of actual LULC in 2019 and the
predictive LULC of three scenarios were estimated from nutrient sources from
watersheds and their transport to the stream.

The calibration and validation results of nutrient export estimation with
observed data, calculated from annual TN, annual TP, and annual surface runoff data.
In the case of nitrogen export, calibration and validation results provided a high
correlation between the observed and estimated nitrogen export with R? of 0.575 and
0.895, respectively. The PBIAS values for calibration and validation provided a very
good fit and a good fit for nitrogen export estimation with a value of -20.42% and
33.39%, respectively. Meanwhile, calibration and validation results of phosphorus
export provided a high correlation between the observed and estimated phosphorus
export with % of 0.828 and 0.643, respectively. The PBIAS values for calibration and
validation provided a very good fit and a good fit for phosphorus export estimation
with a value of 12.57% and 30.219%, respectively.

The total nitrogen and phosphorus export in 2019 was 216.87 kg/km? and
47.10 kg/km?, respectively. The LULC types which delivered the highest average

nitrogen export were field crops, and the highest average phosphorus export were
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perennial trees and orchards. In contrast, water bodies transported the lowest average
nitrogen export while miscellaneous land generated the lowest phosphorus export.
The highest total nutrient export from 2020 to 2029 under Scenario | was 236.62 kg/km?
for nitrogen and 52.98 kg/km? for phosphorus, occurring in 2029, while the lowest total
nutrient export was 222.10 kg/km? for nitrogen and 48.64 kg/km?, occurring in 2020.
Likewise, under Scenario I, the highest total nitrogen export was 220.97 kg/km?
occurring in 2020, while the highest total phosphorus export was 49.14 kg/km?
occurring in 2029. Conversely, the lowest total nutrient export was 219.25 ke/km? for
nitrogen and 48.20 kg/km? for phosphorus, occurring in 2022. Similarly, under Scenario
lll, the highest total nutrient export was 257.76 kg/km? for nitrogen and 57.38 kg/km?
for phosphorus, occurring in 2029, while the lowest total nutrient export was 224.81
kg/km? for nitrogen and 49.31 kg/km?, occurring in 2020. These results indicate that the
change of LULC types and areas affects parameters in the biophysical table, which
leads to different nitrogen and phosphorus export. As the results of three scenarios,
the LULC types which delivered the high average nutrient export were paddy field,
field crops, para rubber, and perennial trees and orchard. On the contrary, water bodies
generated the lowest average nitrogen export while miscellaneous land caused the
lowest average phosphorus export.

Comparison of nutrient export estimation among three scenarios showed
that the predictive LULC between 2020 and 2029 of Scenario Il delivered the lowest
annual nitrogen and phosphorus export, with an average value of 220.04 kg/km? and
48.60 kg/km? since this scenario was allocated area by linear programming to maximize
the ecosystem service values, mainly, increasing area of wetland that provided the
highest maximum retention efficiency and gave a small load in nitrogen and
phosphorus. In contrast, the predictive LULC of Scenario Il delivered the highest annual
nutrient export than other scenarios since the paddy field and field crop areas
increased according to their suitability classes by the LDD. These areas provide the
highest nitrogen and phosphorus load but low maximum retention efficiency. This
comparison indicated that increased agriculture areas and loss of vegetation such as

forest land and wetland cause higher nutrient export.
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9.1.5 Suitable land use and land cover allocation scenario to minimize
sediment and nutrient export

Ecosystem service change on sediment export of three different scenarios
during 2020 and 2029 disclosed that all three scenarios increased sediment export
which affected ecosystem service in terms of low sediment retention capability for
water purification compared with sediment export of base year data in 20109.
Consequently, predictive rainfall erosivity and LULC change play a significant role in
sediment export prediction under different scenarios.

At the same time, ecosystem service change on nutrient export of three
different scenarios in the same period revealed that all three scenarios increased
nutrient export which affected ecosystem service in water quality by higher
contaminating of nitrogen and phosphorus from the change of LULC compared with
nutrient export of base year data in 2019. Therefore, under different scenarios, the
effect of nutrient loading associated with LULC change plays a critical role in nutrient
export prediction.

According to average cumulative ESCI values of sediment and nutrient
export ecosystem service from three different scenarios, LULC allocation of Scenario |l
(Maximization ecosystem service values) provided the lowest average ESCI value of
0.1575 among three different scenarios. Therefore, LULC allocation of Scenario I
(Maximization ecosystem service value) is chosen as the suitable LULC allocation
scenario to minimize sediment and nutrient exports into Kwan Phayao Lake, Upper Ing
watershed.

In conclusion, integration of remote sensing with advanced classification
method (support vector machine classifier), GIS data with linear programming and
geospatial models (CLUE-S model, sediment and nutrient delivery ratio models of
INVEST software suite) can be used as an efficient tool to identify a suitable LULC
allocation scenario to minimize sediment and nutrient export. Additionally, the derived
results can serve as crucial inputs to allocate LULC Upper Ing watershed by land use
planners, land managers, and decision-makers for reducing sediment and nutrient

loads into Kwan Phayao Lake in the future.
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9.2 Recommendations

Many objectives were investigated in this study, including LULC evaluation and
its change, land requirement estimation of three different scenarios, LULC prediction
of three different scenarios, sediment and nutrient export estimation, and suitable
LULC allocation to minimize sediment and nutrient export in the Upper Ing watershed,
Phayao province. Therefore, the possible expected recommendations and implications
could be made for further studies as follows.

(1) For future study, a very high spatial resolution of remotely sensed data
(Sentinel-2A) should be considered to apply for LULC classification because the
classified LULC data play a vital role in LULC evaluation and its change, land
requirement estimation, prediction in the CLUE-S model, and sediment and nutrient
export estimate.

(2) According to the land requirement estimation of scenario-Il (Maximization
ecosystem service values), future areas as a constraint in the linear programming model
should consult with local government agencies and communities for ecological
balancing.

(3) Based on the sediment delivery ratio (SDR) model, the cover management
(C) and support practice (P) factors should be collected from the local area or adjusted
C and P factors in the calibration process. These parameters are related to the RUSLE,
which affects soil loss and sediment export.

(4) Based on the nutrient delivery ratio (NDR) model, the loads and maximum
retention efficiency of nitrogen and phosphorus should be collected from the local
area because the model shows a high sensitivity to these inputs, affecting nutrient
export. Also, subsurface NDR representing nutrients transported by groundwater should

be regarded in future studies.
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