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ABSTRACT

In the seafloor depth inversion from gravity anomalies using the Gravity-Geologic
Method, the density contrast between the seawater and the ocean bottom topographic mass
needs to be determined. In this study, the iteration method was applied to determine the optimal
density contrast. Firstly, a density contrast is given. Then, the seafloor depths are calculated
and compared with the shipborne depths. In the next step, change the density contrast and
repeat the calculation. Finally, the optimal density contrast is determined corresponding to the
smallest deviation between the gravity anomaly-derived depths and the shipborne depths. The
experiment calculations were carried out on the central East Sea with eight density contrast
values, which varied from 1.10 g/cm’® to 3.0 g/cm’. The results show that the optimal density
contrast in the study area is 1.40 g/cm’.

1. INTRODUCTION

The world’s oceans cover 71 % of the Earth’s surface. Despite many attempts to measure, to
date, only about 18 % of the ocean’s area has been measured using echosounders (Wolfl, 2019).
Measuring the entire ocean by direct depth measurement method is very difficult and expensive in
terms of money and time.

Vietnam is a country with a coastline of up to 3260 km, a territorial sea area of over 64000
km? and an exclusive economic zone of nearly 1 million km? Seas and islands play an important
role in the economic development of the country, security and defense work and international
exchanges (Dang, 2008). Up to now, Vietnam has only established charts of 1:200,000 scale with
about 53 % of the area of Vietnam’s seas; completed seabed topographic surveys of about 24.5 %
of Vietnam’s sea area at the scales from 1:500,000 to 1:50,000 (Ministry of Natural Resources and
Environment, 2019). Thus, there is still a large area of the East Sea that has not been measured
and mapped. Measuring depth over the entire East Sea by direct measurement method is very
difficult and expensive, especially not possible for the sea areas that are not directly accessible. In
that context, indirect methods of depth determination need to be studied and applied. The Gravity
Geologic Method (GGM) is one such indirect method.

In the GGM, it is very important to determine the optimal density contrast (DC) between

the seafloor matter and seawater. Different seas have different density contrast. Globally, there
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are some studies to determine the optimal density contrast: In the study (Yeon et al., 2018),
the determined optimal contrast density over Korean waters is 5.0 g/cm’. In the reference
(Yu et al., 2011), the Downward Continuation Method (DWC) was used to determine density
contrast in two study areas in southern Greenland. The results of this study show that the optimal
density contrast in the first experimental area is 1.47 g/cm® and in the second area is 1.30 g/cm’.

In this study, the iterative method will be studied and applied to determine the optimal density
contrast for the area in the center of the East Sea.

2. STUDY AREA AND DATA
2.1 Study area

The study area is located in the center of the East Sea, between latitudes 8°N and 14°N and
longitudes 110°E and 115°E (Figure 1), covering an area of about 363,000 km?. This is an area
located on the margin of the sea with diverse and complex architecture that has undergone a special
geological development process, attracting the attention of many geophysicists and geologists in
the world and abroad. The seafloor topography of the study area is diverse and complex. The
Southeast of the study area is the sea of the Spratly Islands, with many submerged and floating
islands. The Northeast of the study area is a deep depression of the East Sea, with the greatest
depth is nearly 5,000 m. The Western side of the study area is the continental slope, with a depth
of about 1,000 m to 2,000 m, a steep slope (Bui et al., 2005).

Figure 1. Study area and data.
2.2 Data used
2.2.1 Satellite-derived gravity anomaly data

In this study, the DTU17GRAYV model is used. This is a model of the global marine gravity field,
determined from satellite altimeter data and provided by the Technical University of Denmark (DTU)
(Andersen et al., 2020). The gravity anomalies of this model are in the form of a square grid with a mesh
size is 1 inch x 1 inch. The coordinates of this model are in the World Geodetic System WGS84. Over

2 International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth
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the study area, a total of 151,200 gravity anomalous values of this model were used. The maximum

gravity value is 135.40 mGal; the smallest is -53.70 mGal; and the average of 9.98 mGal.
2.2.2 Shipborne gravity and depth data

In this study, the 19,226 points, measured simultaneous gravity and depth, were used (blue
points in Figure 1). These data were measured in 1987, 1990 and 1992 in cooperation projects
between Vietnam and Russia and Vietnam and France in the East Sea, specifically as follows: the
geophysical surveying project was implemented in 1987; the survey project of the Gagarinsky
ship carried out in 1990-1992; the survey project of the Atalante ship carried out in 1993. These
data have high reliability, the parameters are very clear and the gravimetric accuracy is + 1mGal
(Bui et al., 2008). The coordinates of the measured points are in the World Geodetic System WGS-

84. These data cover more than 0.5° study area.
2.2.3 Shipborne depth data

The shipborne depth data consists of 9,403 points (green points in Figure 1), measured by the
Vietnamese Navy using a single-beam echosounder in 2009 and a multi-beam echosounder from 2010
to 2016. The measurement and process were carried out according to the standards of the International
Hydrographic Organization (IHO). The coordinates of the measured points are in the WGS-84
(Khuong, 2018). The depths have been converted to the mean sea level of Vietnam based on the data of
the tidal stations. It is important to note that the 9,403 points have the depth value only. Therefore, the
gravity anomaly value for these points was further determined using the DTU17GRAV model.

The summary of the data used in this study is presented in (Table 1).

Table 1. Summary of the data used in this research.

Coverage .
No. Data (o: latitude, & longitude Number of points
71.5°<@<14.5%
1 DTU17GRAV model 109.5°< A< 115.5° 151,200
5 Shipborne gravity and depth 1.5°< 9 < 14.5% 19226
measured points 109.5°<A<115.5° ’
_ ) 7.5°<@<14.5%
3 Shipborne depth measured points 109.5° <A < 115.5° 9,403

2.2.4 Data preparation

A total of 28,629 shipborne points were used, including 19,226 points measured in the period
of 1987, 1990-1993 and 9,403 points measured in the period of 2009-2016. After processing, these
points have both depth and gravity anomaly values. For analysis, these 28,629 shipborne points
were further randomly divided into two parts (Figure 2): Part 1 consisted of 14,404 points (black
points in Figure 2) and was used to compute the seafloor depths. While Part 2 contained 14,225
points (red points on Figure 2) and was employed for estimating the accuracy of the depths.
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Figure 2. Shipborne data preparation.

3. THE METHOD OF DETERMINING THE OPTIMAL DENSITY CONTRAST IN
THE SEAFLOOR DEPTH INVERSION FROM GRAVITY ANOMALIES

3.1 Principle of the seafloor depths inversion from gravity anomalies

To determine the depth of the gravity anomalies, according to studies (Yeon et al., 2018),
(Yu et al., 2011), (Xueshuang et al., 2017), the gravity anomaly (Ag) is divided into 2 parts: the
long-wavelength gravity anomaly (Ag’¢) associated with deep and wide seafloor matter; and the
short-wavelength gravity anomaly (Ag*°") related to the convexity of the seafloor topography.

For the points where the gravity anomalies and depths were known simultaneously, the short
wavelength gravity anomaly is calculated using the equation:

Agshort = ZﬂGa(DShip — Dinax) (D

where: G is the gravitational constant (6,672 x 10%cm?/gs?);  is the density contrast between
the seawater and the ocean bottom topographic mass; D*# is the shipborne seafloor depth; D is
the maximum depth of the seafloor in the study area.

Then, the long-wavelength gravity anomaly is calculated by the equation:
Aglong — Agship _ Agshort (2)

For the points where only gravity anomalies are known, depths should be determined (points
of the DTU17GRAV model have been fitted with shipborne gravity anomaly, Ag™) and long-
wavelength gravity anomalies are interpolated from the available points (A gfz;‘g). Then, the short
wavelength gravity anomalies of these points are calculated:

Agshort — Agfit _ Aglong (3)

int

The gravity anomaly-derived depth (D#®) can be calculated using the equation:

A g short
poras = +D 4)
2nGo max
4 International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth
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3.2 Determination of the optimal density contrast between the seawater and the ocean
bottom topographic mass by iterative method

To determine the optimal density contrast, the seafloor depth inversion from gravity anomalies
is performed iteratively several times. At each time, a different density contrast is used: (1) First,
a theoretically consistent density contrast value is given; (2) Next, the gravity anomaly-derived
seafloor depths are calculated and compared with the shipborne seafloor depths to estimate the
accuracy of these depths. Then, the density contrast value is changed and the calculation process
is repeated. Finally, the optimal density contrast is determined corresponding to the smallest
deviation between the gravity anomaly-derived depth and the shipborne depth. In other words, the
accuracy of gravity depth is the best. The comparison between the gravity anomaly-derived depth
with the shipborne depth is made as follows (Nguyen, 2023):

Depth deviations are calculated according to the equation:

8D; = DI — DM i=12, .., n; (5)
where: n is the number of shipborne depth points; Dl.s MP is the shipborne depth; Dig "% is the
gravity anomaly-derived depth.
The average depth deviation is calculated according to the equation:
1 n
(SDave = Ez SDl (6)
i=1
Standard deviation of the depth:
1 n
STD = —Z(&Di — 6D gpe)? (7)
n—1¢
=1
Root mean square of the deviation:
1 n
RMSD = EZ 5D? )
i=1

The Pearson correlation coefficient between the gravity anomaly-derived depths and the
shipborne depths (McKean et al., 2003):

?:1(Di5hip _ Dship). (Dl:grav _ DgraV)

ave ave

= )
\/Z?zl(Dishlp _ Dshlp)zl ?zl(Digrav _ Dgrav)z

ave ave

Based on the root mean square of the deviation (RMSD), the standard deviation (STD), the
Pearson correlation coefficient (R), the average depth deviation (6D, ), the maximum deviation
and the minimum deviation between the gravity anomaly-derived depths and shipborne depths and
the optimal density contrast is selected in the study area.
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4. RESEARCH RESULTS

According to the theory presented above, the experiments were performed with different
density contrast options. Since the theoretical density contrastis 1.67 g/cm?, the density contrast was
investigated from 1.10 g/cm’. The density contrast value in the next calculation time is determined
based on the results of the previous calculation time, with the target being to minimize the RMSD
value and maximize the R values. To find the optimal density contrast, the eight experimental
options were calculated. The experimental results are summarized and presented in (Table 2).

Table 2. Summary results of the experimental options.

Expe. Options | Option 1| Option 2 | Option 3 | Option 4 | Option 5 | Option 6 | Option 7 | Option 8
DC (g/em’) 1.10 1.20 1.30 1.40 1.50 1.67 2.0 3.0
(m) 849.3 887.2 918.8 944.3 964.9 | 1,012.9 | 1,075.1 | 1,148.5
(m) 913.7 | -931.7 | -9485 | -964.0 | -9729 | -991.9 | -1,023.7 | -1,137.0

(m) -1.5 -1.4 -1.3 -1.2 -1.1 -1.1 -1.0 -0.9
RMSD (m) +87.9 +86.4 +85.7 +85.5 +85.9 +86.5 +87.7 £90.8
STD (m) +87.9 +86.4 +85.7 +85.5 +85.9 +86.5 £87.7 £90.7
R 0.99679 | 0.99691 | 0.99697 | 0.99699 | 0.99697 | 0.99693 | 0.99685 | 0.99663

The chart of RMSD according to the experimental options is shown in (Figure 3).
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Figure 3. RMSD chart of the experimental options.

The chart of the Pearson correlation coefficient (R) according to the experimental options is
presented in (Figure 4).
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Figure 4. R chart of the experimental options.

The results of (Table 2), (Figure 3) and (Figure 4) show that as the contrast density (DC)
increases from 1.10 g/cm’® to 1.40 g/cm?, the RMSD decreases from £87.9 m to +85.5 m, the Pearson
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correlation coefficient increases from 0.99679 to 0.99699. As the contrast density continued to
increase from 1.40 g/cm® to 3.0 g/cm?®, the RMSD increased from +85.5 m to £90.8 m and the
Pearson correlation coefficient decreased from 0.99699 to 0.99663. These results prove that the
optimal density contrast in the study area is 1.40 g/cm’.

5.  CONCLUSION

The iterative method has been studied and applied to determine the optimal density contrast
in the seafloor depth inversion from the gravity anomalies on the central East Sea. First, the density
contrast is assigned a theoretically appropriate value. Then, the seafloor depths were calculated
from the gravity anomalies corresponding to the given density contrast. Gravity anomaly-
derived depths are compared with shipborne depths to evaluate their accuracy. Next, based on the
accuracy evaluation results of the previous step to, change the density contrast value and repeat
the calculation process. Finally, the optimal density contrast is selected based on the results of the
accuracy evaluation of the experimental options.

From the experimental results of the eight options, the optimal density contrast on the central
East Sea was selected as 1.40 g/cm?®. Corresponding to this optimal density contrast shows that the
root mean square deviation is the smallest, RMSD =+85.5 m and the Pearson correlation coefficient
between gravity anomaly-derived depths and shipborne depths is the largest, R = 0.99699.
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ABSTRACT

In this study, the authors use indicators to assess the level of water pollution, such as chemical
and microbial pollution and measure the impact of urban factors, such as population growth,
wastewater discharge and water consumption. In the survey results of seawater quality in two seasons,
the rainy season and the dry season, there is a difference in some specific hydrological indicators,
such as Coliform exceeding the allowable threshold in the dry season and iron and ammonium
content tending to increase. In the rainy season, due to disturbance of the water layer, upwelling
water and submerged water, the rest of the indicators are within the allowable limits according to
Viethamese standards on seawater quality QCVN 10 MT:2015/BTNMT. From the result analyses,
the authors have made an overview of the impact of urbanization on seawater quality in Quang Ninh
province. Thereby, the study points out the causes and effective solutions to minimize the impact of
urbanization on seawater quality and protect the water resources of this area.

1. INTRODUCTION

The issues raised by the global scientific community’s recent emphasis on the erosion of
coasts have been widely publicized. There are two categories of human pressures on coastal areas:
direct and indirect. First, one of the most dangerous degradation processes in Quang Ninh province
is the loss of soil functions brought on by waterproofing the soil during the urbanization and
infrastructure construction processes (Do Thi Thu Huong et al., 2021). This has a big impact
on coastal regions worldwide, where tourism and urbanization are expanding more quickly
(Ludlow, 2006; Wilby and Perry, 2006). This growth indicates a trend toward increase. Unwanted
acts against natural systems, such as residential and commercial discharges that affect the structure
of the coast, are referred to as indirect pressure (Brausch et al., 2012; Susan D Richardson and
Thomas A Ternes, 2011). In recent years, Quang Ninh province has experienced rapid urbanization.
According to statistics from (GOV, 2023), the province will have an urbanization rate of about 37.5
% in 2020, up from 30.8 % in 2010. Along with the development of industrial, tourism and service
zones and many real estate and infrastructure projects being implemented, urban areas such as Ha
Long, Uong Bi, Mong Cai and Cam Pha cities are growing strongly. Furthermore, urbanization
growth poses many challenges for Quang Ninh province, including traffic overload, environmental
pollution and the need to enhance infrastructure and public services to meet the growing needs of
urban dwellers. In addition to traffic congestion, environmental pollution and the need to enhance
infrastructure and public services, urbanization growth presents many other challenges for Quang
Ninh province. One of them is the situation of cramped, scarce land in urban areas, especially in Ha
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Long city, the tourism center of the province. The growth of urbanization also entails challenges
for the protection and development of the natural heritage of Quang Ninh province, especially
Ha Long Bay, Co To Island and Cua Dai mangrove forests. The management and protection
of the architecture and ecological landscape around these heritage sites from pollution, illegal
exploitation and overtourism are urgent issues in the province (Dinh et al., 2023). A study method
of water quality-sampling-and instructions for sampling seawater were used according to Vietnam
Standard TCVN 5998:1995 (ISO 5667-9:1992). This method has the advantage of having in-depth
analysis and indicators of water quality in the sampling area. The analyzed water samples were
selected by the authors based on the results of environmental monitoring in Quang Ninh in the
period of 2018-2023.

2. RESEARCHAREA, SAMPLING METHOD, MONITORING

2.1 Research area

Quang Ninh Province is located in the northeast of Vietnam (Figure 1), bordering the East
Sea to the east and Hai Duong province to the west. With an area of 6,100 km? of sea, Quang Ninh
has great strengths and potential to develop marine economic sectors. It has the longest coastline of
250 km with 2,077 islands, accounting for two-thirds of the country’s islands, of which over 1,000
have names. It also has a large aquaculture area of over 6,100 km? which is home to countless
rare marine species. The Quang Ninh coast has many deep-water and airtight areas, which is
a particularly important advantage favorable for the construction and development of a seaport
system, especially a deep-water port that can receive ships of large tonnage and a seaport. Inland,
especially in Ha Long city, Cam Pha city, Tien Yen district, Mong Cai city and Hai Ha district, to
meet the needs of goods exchange with other provinces in the region. The province is also famous
for many natural heritages, such as Ha Long Bay, one of the world’s wonders; Co To Island; the
1,068-meter-high Yen Tu Peak; and Cua Dai mangrove forest (TTQN Electronic Library, 2018;
Wikipedia, 2023).
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Figure 1. Location of Quang Ninh province in Vietnam.
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2.2 Additional monitoring and analysis

The sampling process involved various steps to ensure accurate and comprehensive data
collection. Initially, seawater samples were collected using a bucket and then transferred into a
glass beaker for immediate measurements of key parameters such as pH and dissolved oxygen
(DO). Subsequently, the samples were divided into different containers for preservation and
analysis. Two 1-liter plastic bottles were used for cold storage, one containing HNO, and the
other NaOH. Additionally, three 1-liter glass bottles were employed to preserve H,SO,, while two
1-liter glass bottles and one 0.5-liter glass bottle were designated for cold storage. Following the
sample preparation, 0.5 liters of the seawater sample underwent filtration using filter paper. The
filter paper, housing retained particles, was carefully preserved in a Falcon tube with 90 % ethanol.
Simultaneously, the filtered water was retained for further analysis of CDOM (Chromophoric
Dissolved Organic Matter) (Legal document, 1995).

To comprehensively assess the seawater quality in Quang Ninh Province, the research team
established a strategic network of water quality monitoring points. These points were strategically
located in various areas, including industrial zones, clusters, aquaculture zones, resorts, services
and coastal estuaries, among others (refer to Figure 2). Seasonal variations were accounted for
by collecting samples during both rainy and dry seasons, aiming to generate a comprehensive
dataset for evaluating the overall seawater quality in Quang Ninh province. The execution of the
sampling pattern adhered to specific locations, ensuring a thorough understanding of the impact of
urbanization on seawater quality in the region.

Figure 2. Sampling location in Quang Ninh province.

Collected seawater samples were analyzed in a laboratory with full Vimcert certificates
(Vimcert 079, Vimcert 032, Vimcert 120); and Vilas (Vilas 386, Vilas 450, Vilas 366) conforming
to the recognized international standard ISO/IEC 17025:2005 and a system of modern analytical
equipment equipped by the JICA project of Japan and Korea’s KOICA. The analysis parameters
of coastal seawater samples comply with QCVN 10-MT:2015/BTNMT (Legal document, 2015)
(National regulation on coastal water quality b, in which 25 indicators are evaluated: pH, DO,
TSS, N-NH/*, P-PO*, F-, CN;, As, Pb, Cd, Cr’, total Cr, Cu, Zn, Mn, Fe, Hg, Aldrin, BHC,
Dieldrin, DDTs, Heptachlor & heptachlor epoxide, total phenol, total mineral grease, Coliform
From the above data, combined with the data collected from the available seawater quality
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monitoring system, it will be possible to assess the current state of seawater quality and the impact
of urbanization on seawater quality in Quang Ninh province.

3. STATUS OF SEAWATER QUALITY IN SOME AREAS OF QUANG NINH
PROVINCE

During the assessment of the current state of coastal water quality, we measured pH and DO
in the field, the rest were analyzed in the laboratory. Rainy season symbols: MM; dry season: MK;
QCVN 10-MT:2015/BTNMT: National technical regulation on seawater quality, applicable to:
Region 1: aquaculture and aquatic conservation areas; Region 2: beach areas, water sports; Region
3: other places (Legal document, 2015).
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Figure 3. Seasonal pH value.

From the analysis results in Figure 3, it can be seen that the fluctuations of pH parameters are
seasonal and by latitude. In the rainy season, the pH values fluctuate widely from 7.18 to 8.39 due
to the change in water quality. In the rainy season, upstream water flows into the sea with a large
flow, thereby reducing the pH value at each location and point, for the sampling location shows an
average pH value of 7.93. In contrast to the dry season, the pH value fluctuates slightly from 7.5
to 8.3; the average pH value is 8.05. Thus, the pH of the rainy season is lower than that of the dry
season and the pH values are satisfied with the limit of 6.5-8.5 according to all areas to be surveyed
(Law Library, 2011).
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Figure 4. Seasonal DO, TS values.

With the DO value in Figure 4, there is a seasonal change. Specifically, in the rainy season,
the DO fluctuates in the range of 5.7-9.8, with an average of 7.12. In the dry season, the DO
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value fluctuates from 7.3 to 11.0, with an average of 9.15. The DO value depends on climatic and
ecological conditions. The DO values in the rainy season and the dry season are all satisfied with
the DO > 5 limits according to Vietnam standards, which is the ideal condition for the aquatic
ecosystem to develop (Law Library, 2004). With TSS, the values determined in the rainy season
and the dry season are within the allowable limits of Vietnam standard for all regions; however, in
the dry season, the average TSS value is 4.96 mg/L, which is lower than the average of the rainy
season, which is 8.97 mg/L. The reason for the high rainy season is due to the water pouring in
from the sources, so the suspended matter content in the water is higher than in the dry season. TSS
fluctuations in both seasons fluctuated evenly; only the QN17 score for the rainy season reached
45.5 mg/L because, at the time of sampling, there were strong winds, big waves and whirlpools.
The above value is still within the allowable limit of the Vietnam standard. Thus, the DO value
depends on climatic and ecological conditions. The DO values in the rainy season and the dry
season are all satisfied with the DO > 5 limit according to Vietnam standards, which is the ideal

condition for the aquatic ecosystem to develop (Mr. Carlos Manuel Robles, 2018).
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Figure 5. Seasonal NH " Value.

We find that the NH," values in Figure 5 are variable. The average rainy season (0.57 mg/L) is
higher than the dry season average (0.45 mg/L) and the values determined in the dry season are stable
and more uniform than in the rainy season. Specifically, in the dry season, there are 07 survey sites
with a higher ammonium value than the limit of the Vietnam standard, the highest value being 1.65
times higher than the limit of the Vietnam standard applicable to beach areas, water sports and other
places. All survey sites have ammonium content exceeding the standard compared to zone 1, so it is
recommended to have close supervision when put into use for aquaculture or aquatic conservation
purposes. In the rainy season, ammonium content fluctuates unevenly; specifically, there are 05 survey
sites (QN6, QN7, QN19 and QN22) with ammonium content below 0.1 mg/L that meet the water
quality standards for all three areas under the Vietnam standard. There are 30 sites with ammonium
content below 0.5 mg/L meeting the water quality requirements for zones 2 and 3 and exceeding the
threshold of zone 1, 15 points exceeding the threshold for all three regions and scores exceeding the
threshold 6.52 times compared to the Vietnam standard applied to regions 2 and 3. The reason for the
unusually high points in the rainy season may be due to the mixing of wastewater sources from the
mainland associated with discharge activities from different waste sources at the time of the survey.
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Figure 6. The PO}, F value according to season.

With the indicator PO,* in Figure 6, 45 survey points all meet for all three regions; the
remaining 5 points exceed the limit of zone 1 and are within the limit threshold for zones 2 and
3. The PO, at the measurement points have uniform values; only 5 points are slightly higher, but
these values fluctuate by water, so these values do not affect much the purposes of use for all three
regions. With F-, all 50 survey sites are within the allowable threshold for all three regions; the
average value in the dry season is 0.29 mg/L in the rainy season is 0.44 mg/L. In general, the rainy
season is higher than the dry season, but the difference is not much.

With metal indicators such as As, Cd, Pb and Cr (VI), total Cr, Cu, Zn, Mn and Hg are
all lower than the detection limit, or if detected, the value is very small. The above targets are
within the allowable limits for all three areas of Vietnam standards and suitable for all uses on the
seas. Organic indicators such as Aldrin, benzene hexachloride (BHC), dieldrin, DDTs, heptachlor,
heptachlor epoxide and total phenol were all below the detection threshold of the test and all of
the above criteria were within the allowable limits for all three regions under Vietnam standard,
suitable for all uses on the seas.
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With Fe metal indicators, there are 41 survey sites with analytical results below the threshold
for all three regions according to Vietnamese standards in both seasons Figure 7, so these locations
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Figure 7. Fe value according to the season.
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can be used for both different purposes. In the dry season, the iron content in all 50 surveyed points
is below the permissible threshold of Vietnamese standards. In the rainy season, 9 points exceed the
limit from 1.06 to 1.726 times. However, these values are unevenly distributed and locally influenced
by water from different sources flowing into the area daily, so there is no cause for concern.
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Regarding the indicators of CN- oil and total mineral, all 50 samples were below the allowable
threshold. In the rainy season, most of the 50 survey sites were below the analytical limit. In the
dry season, the CN" content fluctuated in the range of 0.004-0.005 mg/L, while the total mineral oil
and grease were mostly below the analytical detection threshold; some identified points were all at
0.3 mg/L. All bi-seasonal survey sites for these two indicators can be used for different purposes
in all three regions according to Vietnam standards.
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Figure 8. Seasonal Coliform values.

Figure 8 shows a clear difference between the two seasons. We see a clear difference between
the two seasons. In the rainy season, the density of microorganisms is lower than in the dry season.
The reason is that in the rainy season, there is a mix of other surface water sources at the time of
sampling and marine tourism activities decrease sharply in contrast to dry buying, so it can be
that this is the reason why the number of microorganisms increases sharply in the dry season.
Specifically, in the rainy season, the determined values are evenly distributed according to the
survey points. There are 17 points of permissible limit according to a limit of Vietnam standards
and the excess value ranges from 1.1 to 2.2 times. This excess value is not worrisome because the
rain always changes due to water from upstream to the sea; there is an exchange between flows, so
the number of microorganisms is lower than in the dry season.

In the dry season, the coliform count exceeds the permissible limit of the Vietnam standard
in a significant number of cases. Only 10 points fall within the allowed range, while the remaining
40 points exceed the limit by a factor of 1,3 to 18 times. The average value of the 50 points is
6726 (bacteria/100 m). To explain the fluctuations, it is known that aquaculture activities in the sea
often result in excess food residues and high levels of ammonia, creating an ideal environment for
microbial growth. Additionally, during the dry season, there is less rainfall and, consequently less
water exchange. The increase in marine tourism activities during this period, combined with the

hot weather, provides favorable conditions for vigorous microbial growth (Ogawa, 1974; Shen et
al., 2020).

4. CAUSES AND SUGGESTED SOLUTIONS
4.1 The causes

In 2022, in Quang Ninh province, Ha Long has invested in building and operating an urban
wastewater system with 5 wastewater treatment stations. However, these stations can only treat
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about 45 % of domestic wastewater and the proportion of urban centers of grade 4 and above in the
province with centralized wastewater treatment systems reaches over 21 % (Ministry of Natural

Resources and Environment, 2016).

Regarding the issue of groundwater depletion, the urban areas in Quang Ninh province are
currently in a phase of construction and development. Activities such as pond and lake reclamation
and geological exploration not only alter the permeable environment but also reduce the amount of
water infiltrating from the surface into the underground aquifers, thus diminishing the supplemental
source for groundwater. This leads to a decline in extraction rates from wells, lowering the water
table. Additionally, it creates favorable conditions for surface water contamination to easily infiltrate
the aquifers, altering the existing environment of groundwater and resulting in groundwater
pollution (Environmental Resources, 2022).

From 2011 to 2020, Quang Ninh Province achieved significant targets in environmental
protection. The collection and treatment rate of municipal solid waste reached 96.2 %. The
collection and treatment rates of hazardous waste and medical waste reached 100 %. The
population‘s access to clean water reached 98 %, ranking second nationwide in the Environmental
Governance Index (Environmental Resources, 2022). However, there are still many limitations in
environmental protection within the province, particularly in terms of water pollution caused by
domestic wastewater in urban areas. In 2020, the volume of domestic wastewater in the Ha Long
area reached over 31,720 m?*/day and night. The city of Ha Long only has 5 wastewater treatment
plants in operation with a capacity of 14,276 m*/day and night. However, these plants can only
treat about 45 % of the domestic wastewater discharged into the common receiving source. The
remaining wastewater is still directly released into the general drainage system, flowing into
the sea, posing a significant risk of pollution to Ha Long Bay‘s environment (Environmental
Resources, 2022).

There are four main reasons behind the problems with environmental protection in Quang
Ninh Province. First, the awareness and sense of responsibility of the authorities and the people
are still limited and some levels of party committees and authorities focus on prioritizing economic
development at the expense of the environment. Secondly, the drainage system of urban areas in
the area is mostly old and degraded; many sewer lines in the urban area are encroached on and
filled, causing flow congestion and local flooding in many localities during heavy and prolonged
rain. Third, the rapid urbanization rate and the narrowing of natural ground and water surface areas
such as ponds, lakes and canals have partly affected the drainage capacity of urban areas. Finally,
investment funds for environmental protection work have not met the large investment capital
needs for technical infrastructure for environmental treatment (Environmental Resources, 2022;
Ministry of Natural Resources and Environment, 2016).

4.2 Solutions

To limit the impacts of urbanization on seawater quality in Quang Ninh province, it is
necessary to have the following solutions:

e Effective urban waste management and treatment: Cities need to build urban wastewater
treatment systems, protect rivers and canals and minimize pollution from urban waste sources.
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¢ Control the growth of urbanization: strengthen supervision and control over the issuance
of new construction permits, population management and orientation of sustainable urban
development.

e Raise public awareness: Through communication, education and consulting campaigns,
increase community awareness of environmental issues and environmental protection
consciousness.

¢ Organization of volunteer activities: Organize volunteer activities such as green summer
labor and volunteer programs to build wastewater treatment systems and protect and restore coastal
areas to increase community awareness of environmental protection.

¢ Promoting the use of advanced technologies: using advanced technologies to manage and
mitigate the effects of urbanization, such as wastewater treatment technologies, seawater quality
analysis, environment management systems and remote monitoring.

¢ Promoting green economic development: encouraging green and sustainable economic
activities, creating favorable conditions for attracting new investment projects and providing
incentive policies to promote green economic development.

¢ Encourage the use of renewable energy sources: Promote the use of renewable energy
sources such as solar energy, wind energy and hydroelectricity to reduce greenhouse gas emissions
from traditional energy sources.

e Strengthening local and international cooperation: Strengthening local and international
cooperation to exchange experiences and seek common solutions to problems related to the
environment, including impacts of urbanization on seawater quality.

5.  CONCLUSION

Therefore, the article has demonstrated that urbanization growth is negatively impacting the
water quality along the coastal areas in Quang Ninh province, especially in rapidly developing urban
regions like Ha Long and Cam Pha. These impacts include water pollution, the reduction of marine
biodiversity and effects on human health. However, the article also proposes several solutions to
mitigate the impact of urbanization on seawater quality, including the establishment of wastewater
treatment systems, investment in clean water treatment technologies, monitoring, promotion of
renewable energy sources and enhanced collaboration among relevant agencies and voluntary
activities. The Ha Long Bay region holds special significance for Vietnam’s maritime economy,
often experiencing the phenomenon of cold water tongues during northeast and southwest winds.
The survey results of seawater quality in the rainy and dry seasons show differences in certain
specific parameters influenced by hydrological factors. For example, coliform levels exceed the
permissible limit during the dry season, while iron and ammonia levels tend to increase during the
rainy season due to water layer mixing, upwelling and sinking. Other parameters remain within
the allowable limits according to the Vietnam standard. In conclusion, further periodic surveys
are necessary to provide a comprehensive and weather-condition-specific assessment to meet the
usage purposes for each sampling location. This will enable appropriate water quality utilization
or improvement aligned with research objectives. Therefore, implementing the aforementioned
solutions will be an important step in environmental protection, conservation and the improvement

of seawater quality in Quang Ninh province.
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ABSTRACT

In this article, the fault’s geometrical parameters in the Southeast Vietnam continental shelf
and adjacent areas (such as the location, dip angle and strike angle as well as depth and length)
are determined by gravity, seismic data and regional stress fields. For the faults, due to their
high internal frictional coefficient, they accumulate more energy under the impact of the regional
stress field. Sometimes, when they accumulate enough energy, they can react and disrupt the local
geological structures, causing earthquakes and can penetrate the upper layers of the Earth's crust,
forming favorable surfaces for submarine landslides.

The model of fault’s reactive possibility is built based on analysis, overlayed integration
of three informative layers determined, which are the slip tendency of the fault system and the
relative vertical and horizontal displacement field of the Earth’s crust. For fault’s slip tendency
and horizontal displacement, the classification of the fault’s reactive possibility is based on their
magnitude. For vertical displacement, where there is a large difference in amplitude, the fault's

reactive possibility is higher and vice versa.

The reactive possibility of the fault system can be seen as a key factor in research on marine
geological hazards such as earthquakes and submarine landslides in the Southeast Vietnam
continental shelf and adjacent areas.

1. INTRODUCTION

Submarine landslides often occur on continental shelf margins and slopes, where the seafloor
is usually steep slopes and loose sediments. Most of of them are caused by earthquakes in zones
of active tectonic faults or by volcanism (Hiithnerbach et al., 2004; Locat et al., 2000). This paper
focuses on the assessment and forecast of submarine landslides by comprehensively analyzing
four key factors, including slip tendency along faults, the magnitude of possible relative vertical
and horizontal displacements in the crust and the reactive possibility of existent faults.

The theory of slip behavior of faults was first proposed by Wallace, (1951). Since then,
there have been many further studies developed on inversed-stress methods based on the Wallace-
Bott hypothesis (Angelier, 1990; Gephart et al., 1984; Morris et al., 1996). There are several
relevant studies were launched under the Vietnam national projects. The main causes of submarine
landslides were identified, such as earthquakes, active faults, geological structure, sedimentation
and topography of the seabed. The results were published by Bui Cong Que et al., (2010);
Tran Tuan Dung et al., (2015).
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In spite of the numerous studies, accurate forecast of submarine landslides is still beyond our
capabilities. Areas of possible submarine landslides are identifiable from seismic and multibeam
profiling data, but it is difficult to forecast the occurrence of specific landslides. The numerical
modeling of submarine landslides from the reactive possibility of faults is a necessary way to
improve understanding of these phenomena. Such a model can be used to assess the damage and
risks to human life caused by submarine landslides, as well as to mitigate the damage caused by
them (Bui Cong Que et al., 2010; Tran Tuan Dung et al., 2015). The study area is located between
7-15° N and 106-114° E (Figure 1). In the area, including the continental shelf and slope, the
topographic gradient of the seafloor varies most strongly. There are also many active faults in this
area, which can be sources of earthquakes. Based on this basis, it can be said that the Southeast
Vietnam continental shelf has a very high potential for submarine landslides.

2. DATAUSED
2.1 Earthquake focal mechanisms

The earthquake’s focal mechanisms (EFMs) provide reliable information on the stress field
at depths greater than the drilling method (depth > 5km). This study has compiled a database of 135
earthquake focal mechanisms in the study area and adjacent areas, of which, there are 115 from the
Global Centroid-Moment-Tensor Project up to 2022 (http://ds.iris.edu/spud/momenttensor) and
20 from Bui Cong Que et al., (2010). These intraplate EFMs were collected at depths > 5 km and
magnitudes > 3Richter. The calculation was performed according to the steps described in the
previous and updated until the present (Tran Tuan Dung et al., 2021). The present-day regional
stress field in the region and adjacent area is determined by the earthquake’s focal mechanism and
it is shown in Figure 1.
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Figure 1. Study area, earthquake focal mechanisms and regional stress field.
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2.2 Gravity data

The gravity data obtained from the continental shelf of South-Central Vietnam and adjacent
areas are mainly collected from joint ship surveys of the Russian-Vietnamese expeditions onboard
the R/V Professor Gagarinsky (1990-1992) and the R/V Professor Polshkov (2007-2008). In
addition, satellite altimetry data was used. The authors have used the methods and results, which
are proposed by Tran Tuan Dung et al., (2019) together with a new gravity dataset updated until
the present (Tran Tuan Dung et al., 2023) to improve the accuracy of marine gravity anomalies
(Figure 2a).

]

Figure 2. (a) Bouguer gravity field; (b) Bathymetry and faults system.

3. METHODS
3.1 Determination of fault systems

The method for determining faults in the Earth’s crust was first described in Blakely et al.,
(1996) and then updated Tran Tuan Dung et al., (2021). According to this method, the maximum
gravity horizontal gradient (MGHG) is used to identify the faults. Faults are mapped by linear
zones of MGHG vectors of the same direction. The location and magnitude of the maximum
gravity horizontal gradient H[Ag];; are defined by a second-order polynomial as follows (Blakely
et al., 1996; Tran Tuan Dung et al., 2021):

bd
XMax = 2a )

Gpmax = aXI\Z/Iax + bXpyax + H[Ag]i,j ()

where, d is the distance between grid intersections; a, b are developed coefficients of the polyno-
mial, which are calculated from the grid of the gravity anomalies.

3.2 Determination of slip tendency on the fault surface

The slip tendency on the fault surface, which is affected by the present-day regional stress
field, is defined as the ratio of the shear stress to the normal stress on the fault surface. In the
present work, the methods for determining the contemporary regional stress field and fault slip
tendency are partly inherited from our previous studies. According to Morris et al., 1996 and Tran
Tuan Dung et al., 2021, the slip tendency (7)) is determined as follows:

22 International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth
and Allied Sciences 2023

_ ol

 uloy|

€)

S

where: o, is shear stress; o is normal stress; x is the static friction coefficient on the fault’s surface,
here u is chosen as 0,65 (Schellar, 2000).

3.3 Determination of relative displacement in the Earth’s crust based on fault parameters

The basic theory on the characteristics of displacements in the Earth’s crust, which are
influenced by the present-day stress field and fault behavior, is presented in the study of Okada
Y (1992). The method for determining relative displacements in the Earth’s crust in this work
is partly inherited from previous studies (Tran Tuan Dung et al., 2021). The displacement field
u, (x,x,x,) caused by a dislocation Au, (¢,€,¢,) across a surface X in an isotropic space, it is

represented by the formula:
1 oul oul  auk
u; == || _Au;[A68; —l+/1<—l l)vdZ 4

where, v, is the normal cosine to the surface element, i.e., (0,-sind,cosd). Based on the above

formula, the internal displacement field («’) caused by each point source can be represented by
joined forces of the strain nuclei (0u’/0¢)) (Okada Y, 1992).

3.4 Probability of submarine landslides based on the integration of all information sources

Sources of information on factors contributing to underwater landslides are formed on the
basis of reliable geological and geophysical data from modern and previous studies. The forecast
of a potential submarine landslide is constructed according to the following formula:

n
H = Z Wi 5)
=1

where, H is submarine landslide potentially index, w, is the weight of the jth information layer,
Xij is the ith weight of the information layer j. The H index depends firstly on the weight of each
component information layer and then on the weight of each level in each component information
layer.

4. RESULTS AND DISCUSSION
4.1 Faults

In this study, the spatial parameters of the faults (depth, strike and dip) are determined
based on the results, which are proposed by Tran Tuan Dung et al., (2021). The fault system
is usually represented by the range of MGHG points and their directional vectors in the same
direction. By analyzing and connecting the locations and magnitudes of the MGHG points in a
suitable approach combined with the seismic data, the spatial distribution of the faults system
1s determined and shown in Figure 2b. As can be seen in Figure 2b, there are three directions of
the fault system in the area: South-North, Northwest-Southeast and Northeast-Southwest. The
system of meridional faults is mainly distributed in the west of the study area. Among them,
the most prominent is the system of faults extending in the zone 109°30°-110°E. The NW-SE-
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oriented fault system is mainly distributed in the Tuy Hoa shear zone. This zone reverses the
direction of the fault system, extending along 109°30°-110°E. The NE-SW trending fault system
is widespread in the outer zone of continental shelf uplift. This shows that the studied area is a
place of intersection of different tectonic systems. Consequently, it can be assumed that these
systems were formed and further influenced by many tectonic processes in different geological
periods.

4.2 Relative horizontal and vertical displacement in the Earth’s crust

Figure 3a shows the results of calculations of the relative horizontal displacements in
the Earth’s crust. As can be seen, the relative horizontal displacements connected with the
meridional fault zone (109°30°-110°E) prevail in the study area. Although the displacement
field occurs throughout the region, wherever the larger faults system exists, the displacement
field has a greater magnitude. In Figure 3a, it can be seen the different strong and weak
distributions in each specific area of the displacement field. In the study area, the relative
horizontal displacement magnitude and the vector’s direction indicate the strike-slip tendency
of the faults system.

Figure 3b shows the distribution of relative vertical displacement. The general picture is a
mosaic of local areas with upward or downward displacement tendencies. Against this background,
the upward displacement tendency prevails in the western half of the study area and the downward
displacement tendency prevails in the eastern half. The maximum upward displacement tendency
is confined to the Tuy Hoa shear zone. The North and South of the Phu Khanh basin also show an
upward displacement tendency and there is an area with a downward displacement tendency in its
central part.
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Figure 3. (a) Relative horizontal displacement; (b) Relative vertical displacement in the
Earth’s crust based on the parameters of the faults.

In all cases, these relative horizontal and vertical displacements are associated with the main
faults in the study area - the meridional fault (109°30°-110°E) and the Tuy Hoa shear zone. It is
possible to see that the fault system is strongly influenced by present-day stress fields, through
which the fault’s reactivity can be assessed.
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4.3 The fault slip tendency

1

[LE]]

Figure 4. (a) Slip tendency of major tectonic faults; (b) Forecasted zonation of the faults
reactivation probability.

The fault slip tendency was determined based on the present-day stress field (Tran Tuan
Dung et al., 2021). In Figure 4a, it can be seen that the areas with large fault systems, such as
the Tuy Hoa shear zone, seafloor spreading area, Truong Sa Islands, have high slip tendency.
From there, it shows that the major fault system in the western Bien Dong is still impacted by
distant tectonic forces and implies that their origin is closely related to the Indo-Asian collision
(Tapponnier P et al., 1982).

4.4 Reactive probability of faults system

The model of faults system reactive possibility is built on the basis of analysis, overlayed
integrates three informative layers determined, that are, the slip tendency of the faults system, the
relative vertical and horizontal displacement field in the Earth’s crust. Figure 4b shows clearly
the forested zones and integrated coefficients on the reactive possibility of the faults system.
Accordingly, the area with the bigger integrated coefficient, the higher the fault reactive possibility;
the area with the smaller coefficient, the lower the fault reactive possibility. For the three layers of
mentioned information above, each layer has different classified criteria on the reactive possibility
of the faults system. With the slip tendency of the faults system and horizontal displacement, the
classification is based on the magnitude of the slip vectors; with the vertical displacement, where
there is a large difference in amplitude, the fault has a higher reactive possibility and vice versa. In
Figure 4b, the faults system with high reactive possibility is concentrated in areas such as the Phu
Khanh basin, Nam Con Son Uplift and the seafloor spreading area.

4.5 Zonation of the submarine landslides probability

The following information that used to forecast submarine landslides: (1) Relative horizontal
displacements in the Earth’s crust; (2) Relative vertical displacements in the Earth’s crust; (3) Slip
tendency on fault surface; (4) Reactive probability of existing fault system (Figure 5). For vertical
displacement, where there is a large difference in amplitude, the fault’s reactive possibility is
higher and vice versa. The fault’s slip tendency is assigned the greatest weight because it is directly
estimated on each fault segment. Due to the common characteristics of the regional stress field is
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strike-slip in the Northwest-Southeast direction, the horizontal displacement has a high role in the
fault displacement, so it is assigned higher weight than that of the vertical displacement.

Lonation of Submarme- landsldes possibiliny

Figure 5. Contributed factors to submarine landslides.
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Figure 6. Forcasted zonation of the submarine landslides probability.

26 International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth
and Allied Sciences 2023

Figure 6 shows the zonation of the probability of submarine landslides. This probability
is forecasted from very low to very high level based on the integrated weights of the above-
mentioned information layers. The figure shows that a large area with a high probability of
submarine landslides is located in the meridional fault zone (109°30°-110°E) and Tuy Hoa shear
zone. As mentioned above, these faults have a high reactive probability and can be a source of
earthquakes and cause submarine landslides. The area with a high landslide probability appears to
be concentrated mainly in the central part of the study area. Areas with a low submarine landslide
probability are located where fault’s reactivation is low.

5.  CONCLUSIONS

For deep faults, due to their high internal frictional coefficient, they accumulate more energy
under the impact of the regional stress field. Sometimes, when they accumulate enough energy,
they can reactivate and disrupt the local geological structures, causing earthquakes and are able to
penetrate the upper layers of the Earth’s crust, forming favorable surfaces for submarine landslides.
Shallow faults with low internal frictional coefficients, which are always directly impacted by
regional stress fields, are potential submarine landslide surfaces. This relationship can be seen as a
key factor in research on marine geological hazards such as earthquakes and submarine landslides.

The model of submarine landslides possibility is built on the basis of analysis, overlayed
integrates four informative layers determined, that are, the slip tendency of the faults system,
the relative vertical and horizontal displacement field and reactive probability of existing fault
system in the Earth’s crust. The areas with high submarine landslide probability are located in the
meridional fault zone (109°30°-110°E), the Tuy Hoa shear zone and Nam Con Son Uplift area.
In the rest of the study area, the probability of submarine landslides is forecasted to be low. The
exception may be the atolls, whose steep slopes could become sources of landslides. The results of
the study enable decisions to be made on dealing with submarine landslides, reducing damage to
people and property in coastal areas.
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ABSTRACT

Forest cover plays a very important role in regulating water sources, limiting floods and
soil degradation as well as preserving ecosystems. In recent years, the forest cover has changed
drastically due to the impact of socio-economic development, population growth and the effects of
climate change. With outstanding advantages compared to traditional research methods, remote
sensing data has been widely used in monitoring and evaluating changes in forest cover. This
paper presents the results of forest cover classification in Dak Lak province from Sentinel 2 optical
satellite image data using machine learning techniques. Sentinel 2 MSI images taken in November
2015 and December 2020 are used to classify forest cover objects and then evaluate forest cover
changes in the period 2015-2020. The obtained results show that most of the forest cover objects
in Dak Lak have a marked decrease in the period 2015-2020, especially evergreen forests, semi-
evergreen forests and dipterocarp forests due to the conversion of natural forests to agricultural
land, residential land, industrial crops such as rubber, coffee.

1. INTRODUCTION

Forest cover plays an important role, influencing surface energy exchange processes and
acting as an interface between soil and atmosphere. In recent years, due to the impact of socio-
economic development and population growth, there has been a rapid decline in forest cover,
both in area and quality. Land cover, including forest cover data, is the basis of many studies
on land resource management, ecological health and sustainable development. Monitoring and
assessing forest cover changes is an urgent requirement, providing timely information for climate
and environmental research models as well as serving state management.

There are many methods to evaluate forest cover changes, but the most popular and effective
method is to use multi-temporal remote sensing data. With outstanding advantages such as a large
coverage area and short update time, remote sensing technology has become a powerful way to
obtain land cover data (Rogan and Chen, 2004).

Remote sensing image classification is of great importance for monitoring forest cover
change. The need for higher classification accuracy has led to improvements in classification
technology (Liu et al., 2022). Methods and algorithms to classify land use/land cover (LULC)
from optical satellite images are developed on the basis of image spatial resolution characteristics.
Traditional pixel-based classification methods, such as maximum likelihood, minimum distance
and parallelepiped algorithms, are all based on the grey value of the pixel, in which only the
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spectral information is used for classification. Pixel-based classification approaches have many
limitations, especially for high-resolution remote sensing data (Sun et al., 2005). However, pixel-
based classification methods may neglect the associations among objects and not utilize the spatial
features of objects; thus, objects with the same spectral characteristics cannot be effectively
classified (Lee et al., 2003). To overcome the above limitation, an object-oriented classification
method is proposed and proves to be effective with high-resolution remote sensing data, especially
in forest cover classification. In contrast to pixel-based classification methods, the object-based
classification method first aggregates pixels into spectrally homogenous image objects using a
segmentation algorithm and then classifies the individual objects (Liu and Xia, 2010).

Recently, machine learning techniques have been used effectively in classifying LULC
from optical satellite images, helping to improve accuracy compared to traditional classification
methods (Talukdar et al., 2020). In general, there are four types of machine learning algorithms:
supervised, unsupervised, semi-supervised and reinforcement learning (Xie et al., 2022); however,
the most used ones are supervised and unsupervised learning. The supervised learning techniques
include support vector machine (SVM), random forest (RF), classification and regression tree
(CART), artificial neural network (ANN)..., while the unsupervised learning techniques include
fuzzy c-means algorithms, K-means algorithm, ISODATA...

Each machine-learning technique has different types of accuracy levels. In the study by
Basheer et al., 2022 the authors experimented with different classification methods, including 3
types of machine learning techniques (SVM, RF, CART) and maximum likelihood method in
classifying LULC through a case study for the city of Charlottetown in Canada. Results show
that the SVM classifier presents the best performance compared to other classifiers, where overall
accuracy reached 87 % with Landsat 8 and 92 % with Sentinel 2 (Basheer et al., 2022). The SVM
algorithm is also used in LULC classification in the lower Tapi basin (India) from Landsat 8
data with the highest overall accuracy compared to ANFIS, M5tree, MARS and GEP techniques.
Particularly for forest cover, the overall accuracy achieved in this study with the SVM algorithm
reached 0.73. (Thakur and Manekar, 2020). Zhou et al., (2019) proposed an urban forest-type
discrimination method from Sentinel 2A image based on linear spectral mixture analysis (LSMA)
and SVM in the case study of Xuzhou, east China. Three different vegetation types, including
broadleaved forest, coniferous forest and low vegetation and their abundances were extracted
through LSMA and SVM algorithms (Zhou et al., 2019).

The study by Ouma et al., (2022) presents the results of urban LULC classification using
decision tree-based classifiers comprising of gradient tree boosting (GTB), random forest (RF),
in comparison with support vector machine (SVM) and multilayer perceptron neural networks
(MLP-ANN). Based on the multi-temporal Landsat data for the period 1984 - 2020 in Botswana,
the obtained results in this study show that the RF was the best classifier with an overall average
accuracy of 92.8 % when compared to algorithms MLP-ANN (91.2 %), SVM (90.9 %) and GTB
(87.8 %) (Ouma et al., 2022). The RF algorithm is also proven to have the highest accuracy
compared to algorithms such as k-nearest neighbor (kNN), SVM and ANN when classifying
LULC in the Mayo Rey area, northern Cameroon (Yuh et al., 2023). All four machine learning
classifiers achieved a high accuracy of over 80 % when classifying LULC from Landsat images, in
which the RF algorithm achieved over 90 %. The RF algorithm is also proven to have the highest
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accuracy when compared to SVM, artificial neural network (ANN), fuzzy adaptive resonance
theory-supervised predictive mapping (Fuzzy ARTMAP), spectral angle mapper (SAM) and
Mahalanobis distance (MD) algorithms for land cover classification in area of the river Ganga
from Rajmahal to Farakka barrage (India) (Talukdar et al., 2020). Research by Kumar and Sinha
shows that the RF algorithm achieves 94.6 % accuracy when classifying forest cover, compared
to 70.8 % for traditional classification methods (Kumar and Sinha, 2020). The effectiveness of
the RF algorithm in forest-type classification has also been demonstrated in studies (Carrion and
Southworth, 2018; Cheng and Wang, 2019).

Alshari et al., (2022) proposed a model addressed by artificial neural networks (limited
parameters) with random forest (hyperparameter) called ANN_RF for LULC classification from
Landsat 8 and Sentinel 2 images. Combining ANN and RF techniques significantly improves LULC
classification accuracy in the Sana area, Yemen, compared to using these techniques separately
(Alshari et al., 2023).

This article presents the results of applying machine learning techniques in classifying forest
cover in Dak Lak province from multi-temporal Sentinel 2 MSI image data. Sentinel 2A images
taken in November 2015 and December 2020 in Dak Lak province were used to classify land cover
and then evaluate forest cover changes in the study area. Three machine learning classification
algorithms (Random Forest, Support Vector Machine (SVM), Classification and Regression Tree
(CART)) and the maximum likelihood method are used to classify land cover/land use using
Sentinel 2 images. Then, the algorithm with the highest accuracy will be selected to evaluate the
change in forest cover in the study area. Area parameters will be additionally calculated in the
research results.

2.  MATERIALS AND METHODOLOGY
2.1 Study area

Dak Lak is a central mountainous province in the Central Highlands region in Central
Vietnam, with a natural area of 13.152 km? and a population of 1.8 million people of 44 ethnic
groups. It borders Gia Lai to the north, Phu Yen and Khanh Hoa to the east, Lam Dong and Dak
Nong to the south and Mondulkiri of Cambodia to the west (https://daklak.gov.vn/).

Dak Lak has 608,886.2 hectares of forests, including 594,488.9 ha of natural forests
and 14,397.3 ha of plantation forests. The forests are evenly distributed in Dak Lak’s districts,
especially the border corridor with Cambodia. Dak Lak’s forests are abundant, diverse and
generally structured in three layers, including wood trees playing a protective role and many kinds
of specialty plants with economic and scientific value. Dak Lak’s forests play an important role
in soil erosion control, water flow regulation and natural disaster mitigation. However, in recent
years, forest cover in Dak Lak has experienced profound fluctuations due to the influence of socio-
economic development, population growth and the effects of climate change.

The geographical location of the study area is shown in Figure 1.

2.2 Materials

The Sentinel-2 mission consists of two satellites developed to support vegetation, land
cover and environmental monitoring. The Sentinel-2A satellite was launched by ESA on June
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23, 2015 and operates in a sun-synchronous orbit with a 10-day repeat cycle. A second identical
satellite (Sentinel-2B) was launched on March 7, 2017. Together, they cover all of Earth’s land
surfaces, large islands and inland and coastal waters every five days. The Sentinel-2 MultiSpectral
Instrument (MSI) acquires 13 spectral bands ranging from Visible and Near-Infrared (VNIR) to
Shortwave Infrared (SWIR) wavelengths along a 290 km orbital swath. Characteristics of Sentinel
2 satellite bands are shown in Table 1 (Pahlevan et al., 2017).
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Figure 2. Sentinel 2A data in Dak Lak province in the period 2015-2020.

In this study, multispectral cloud-free Sentinel-2A images acquired between November
2015 and December 2020 were used for classifying and mapping land cover maps in the Dak
Lak province (Figure 2). The Sentinel-2A data was the L2A level product, downloaded from
the Copernicus Open Access Hub (https://scihub.copernicus.eu) website. The Level-2A product
provides Bottom of Atmosphere (BOA) reflectance images derived from the associated Level-1C
products. Characteristics of Sentinel 2A spectral bands are presented in Table 1.
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Table 1. Sentinel-2 band characteristics.

Sentinel - 2 Bands Central wavelength (um) Resolution (m)
Band 1 - Coastal aerosol 0.443 60
Band 2 - Blue 0.490 10
Band 3 - Green 0.560 10
Band 4 - Red 0.665 10
Band 5 - Vegetation Red Edge 0.705 20
Band 6 - Vegetation Red Edge 0.740 20
Band 7 - Vegetation Red Edge 0.783 20
Band 8 - NIR 0.842 10
Band 8A - Vegetation Red Edge 0.865 20
Band 9 - Water vapour 0.945 60
Band 10 - SWIR-Cirrus 1.375 60
Band 11 - SWIR 1.610 20
Band 12 - SWIR 2.190 20

2.3 Methodology

Sentinel 2 MSI satellite images, after being collected from the Copernicus database (https://
scihub.copernicus.eu/dhus/#/home), are pre-processed to remove spectral and geometric errors
and then cropped according to the boundaries of the study area. Sentinel 2 MSI spectral bands with
10 m spatial resolution (bands 2, 3, 4, 8) were used for land cover classification.

The flowchart methodology of this research is available in Figure 3.

In this study, 03 types of machine learning algorithms, including Random Forest (RF),
Support Vector Machine (SVM), Classification and Regression Tree (CART), are tested to classify
land cover from Sentinel 2 MSI image:

RF constructs an ensemble classifier and is one of the commonly used classifiers. RF
generates many decision trees using a random selection of training datasets and factors. The two
most essential input criteria for this classifier are the size of the training dataset and the number of
trees generated (Han et al., 2020). Thus, RF randomly selects observations, builds a decision tree
and takes the average result (Breiman, 2001). In classification using the RF algorithm, the number
of decision trees (parameter NumberOfTrees) plays a very important role, greatly affecting the
accuracy of the classification results.

SVM is one of the supervised learning techniques used to solve various problems related to
regression and classification, first identified by Vladimir Vapnik and his colleagues in 1992. In the
training phase, SVM classifiers generate an ideal hyperplane that splits several classes with the
less misclassified pixels from input datasets. The kernel functions, cost parameters and gamma
are key parameters for determining support vectors (Lopez et al., 2022). SVM has the advantage
of being effective for large data samples such as remote sensing images and often achieves high
accuracy compared to other supervised classification algorithms.
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Figure 3. The flowchart of methodology for forest cover type classification using Sentinel 2 MSI.

CART is a supervised machine-learning technique commonly used in classifying objects
from remote sensing images (Barragan et al., 2011; Yang and Li, 2013). Based on a predetermined
threshold, CART runs by separating nodes until it reaches the terminal nodes. This method divides
input data into further group sets and trees are generated using all but one of those group sets
(Charbuty and Abdulazeez, 2021).

The maximum likelihood algorithm is very commonly used in classifying objects from
remote sensing images and is considered the standard algorithm to compare with other classification
algorithms. This supervised classification method is based on the Byes theorem.

Furthermore, the dataset is divided into training data and testing data, where training data
is used to train machine learning models while testing data is used to evaluate the accuracy of the
model. In this study, ten major land cover classes have been classified, including: (1) Evergreen
forest, (2) Semi-evergreen forest, (3) Dipterocarpus forest, (4) Planted forest, (5) Rubber forest,
(6) Coffee land, (7) Agricultural land, (8) Residential land, (9) Water body and (10) Bare land. The
sample data set includes 250 samples, of which 175 samples are used to train machine learning
models and 75 samples are used to evaluate the accuracy of classification results (training and
testing datasets have a ratio of 7:3). Samples are polygon shaped, have different areas and are
distributed over the entire region of interest. In addition, the traditional pixel-based classification
method using the maximum likelihood algorithm was also tested to evaluate and compare with the
classification results using machine learning algorithms. The classification accuracy is evaluated
based on the Kappa index and overall accuracy, then the classification method with the highest
accuracy is selected.

3. RESULTS AND DISCUSSION

Results of land cover classification in Dak Lak province (Central Highland region of Vietnam)
from Sentinel 2 images, taken on November 2015 and December 2020 by using 3 machine learning
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classifiers (RF, SVM, CART) and maximum likelihood method are presented in Figures 4 and 5.

Figure 4. Results of land cover classification in Dak Lak province from Sentinel 2A images taken
in November 2015 using different algorithms: a) maximum likelihood, b) CART, ¢) SVM, d) RE.

SEwy ATy Ay s

Figure 5. Results of land cover classification in Dak Lak province from Sentinel 24 images
taken in December 2020 using different algorithms: a) maximum likelihood,
b) CART, ¢) SVM, d) RF.
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Table 2 presents the overall accuracy and Kappa coefficient when classifying land cover
in Dak Lak province from Sentinel 2A images in 2015 using 4 different algorithms. It can be
seen that the RF algorithm allows the highest accuracy of land cover classification, in which
the overall accuracy and Kappa coefficient reach 90.56 % and 0.875, respectively. The CART
algorithm has the second highest accuracy with overall accuracy values and the Kappa coefficient
reached 87.52 % and 0.845, higher than the SVM algorithm (overall accuracy equal to 85.54 %
and Kappa coefficient equal to 0.798).

Table 2. Overall accuracy and Kappa index based on classification results in 2015.

Accuracy SVM RF CART ML
Overall accuracy 85.54 % 90.56 % 87.52 % 75.56 %
Kappa index 0.798 0.875 0.845 0.695

While the maximum likelihood classifier has the lowest classification accuracy, the overall
accuracy and Kappa coefficient reach 75.56 % and 0.695, respectively. Thus, with the 2015
Sentinel 2A image, machine learning techniques allow land cover classification in Dak Lak
province with significantly higher accuracy than the traditional maximum likelihood method.
The accuracy of classifying forest types using the RF algorithm, including (1) evergreen forest,
(2) semi-evergreen forest, (3) dipterocarpus forest, (4) planted forest, (5) rubber forest, (6) coffee
land from Sentinel 2A images in 2015 reached 86.71 %, 85.39 %, 81.56 %, 85 %, 86.84 % and
83.33 %, respectively.

Table 3 shows the overall accuracy and Kappa coefficient when classifying land cover
in Dak Lak province from Sentinel 2A satellite images in 2020 using 4 different methods: RF,
SVM, CART and maximum likelihood. Similar to the Sentinel 2A image taken in November
2015, the RF algorithm also achieved the highest accuracy of land cover classification compared
to other algorithms using the Sentinel 2A image in December 2020, with overall accuracy and
Kappa coefficient reaching 91.57 % and 0.883, respectively. The overall accuracy and Kappa
coefficient when using SVM, CART and maximum likelihood algorithms reached 83.12 %
and 0.784; 85.53 % and 0.805; 77.14 % and 0.723 (Table 3). The accuracy of classifying
forest types using the RF algorithm, including (1) evergreen forest, (2) semi-evergreen forest,
(3) dipterocarpus forest, (4) planted forest, (5) rubber forest, (6) coffee land from Sentinel
2A images in 2020 reached 85.31 %, 81.46 %, 80.45 %, 82.92 %, 83.76 % and 77.78 %,
respectively.

Table 3. Overall accuracy and Kappa index based on classification results in 2020.

Accuracy SVM RF CART MD
Overall accuracy 83.12% 91.75 % 85.53 % 77.14 %
Kappa index 0.784 0.883 0.805 0.723
36 International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth

and Allied Sciences 2023

Table 4. Changes in forest types in Dak Lak province during the period of 2015 - 2020.

Area (km?)

Land cover objects 2015 2020
Evergreen forest 1127.30 1032.10
Semi-evergreen forest 1173.97 1006.12
Dipterocarpus forest 2194.94 2075.91
Planted forest 2980.04 2632.05
Rubber 2263.17 2355.61
Coffee 1693.72 1513.53

The results of forest cover change analysis in Dak Lak province in the period 2015 - 2020
are presented in Table 4. Analysis of the obtained results shows that most forest cover types in Dak
Lak province have significantly decreased in the period 2015 - 2020, specifically:

+ Evergreen forest decreased by 95.2 km?, from 1127.30 km? in 2015 to 1032.10 km? in
2020, equivalent to 8.44 % (about 1.69 %/year).

+ Semi-evergreen forest decreased by 167.85 km?, from 1173.97 km? in 2015 to 1006.12 km?
in 2020, equivalent to 14.30 % (about 2.86 %/year).

+ Dipterocarpus forest decreased by 119.03 km?, from 2194.94 km? in 2015 to 2075.91 km?
in 2020, equivalent to 5.42 % (about 1.08 %/year).

+ Planted forest decreased by 347.99 km?, from 2980.04 km? in 2015 to 2632.05 km? in
2020, equivalent to 11.68 % (about 2.33 %/year).

Rubber forests increased by 92.44 km?, from 2263.17 km? in 2015 to 2355.61 km? in 2020,
equivalent to 4.08 % (about 0.82 %/year). Meanwhile, coffee land decreased by 180.19 km?, from
1693.72 km? in 2015 to 1513.53 km? in 2020, equivalent to 10.64 % (about 2.13 %/year). The area
of rubber and coffee land has opposite fluctuations due to the mutual conversion in the area of
industrial crops in the study area.

4. CONCLUSION

Sentinel 2 MSI image data with 10 m spatial resolution (blue, green, red and NIR bands) can
be used effectively for the forest cover types classification. In this study, 02 Sentinel 2A satellite
images taken in November 2015 and December 2020 in Dak Lak province were used to classify
10 land cover objects, including 06 types of forest cover (evergreen forest, semi-evergreen forest,
dipterocarpus forest, planted forest, rubber forest and coffee land). 03 common machine learning
techniques, including RF, SVM and CART, were tested to classify the study area’s land cover from
Sentinel 2A images. In addition, the study also uses the maximum likelihood algorithm to classify
land cover and compares it with the classification results by using machine learning techniques.
Analysis of the obtained results shows that the RF algorithm achieved the highest accuracy of land
cover classification, shown by the overall accuracy value and Kappa coefficient.

The results of classifying forest types in Dak Lak province using Sentinel 2A images
show that natural forest types (evergreen forest, semi-evergreen forest, dipterocarp forest) have
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significantly decreased in 2020 compared to 2015. The planted forests and coffee land areas also
decreased, while the area of rubber forests increased by about 4.08 % in the period 2015-2020. The
obtained results in the study provide objective and timely information that can help managers in
monitoring and protecting forest resources.
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ABSTRACT

Observing and studying sea surface salinity variability is important owing to its role in
atmosphere-ocean systems. Recently, the technological innovation in satellite remote sensing
has provided a new chance for ocean study and observation. The effects of the strong El Nino
2015-2016 on sea surface salinity in the Southern Vietnam Sea are investigated using satellite
observations. This strong El Nino event, fully established in spring 2015, reached its peak strength
during November-December 2015 and has been rapidly developing into one of the three strongest
El Nino episodes in recorded history. We show that a wide salinification is observed over most of
the Southern Vietnam Sea during the mature phase of El Nino. Our results show that the spatial
and temporal variability of sea surface salinity is different between the Southern Vietnam Sea
during 2015-2016. In the northern regions, sea surface salinity increases during the mature phase
of El Nino. The surface water tends to be saltier during El Nino time. The maximum sea surface
salinity occurred in months with strong El Nino.

1. INTRODUCTION

With a coastline of more than 3,260 km in length, Vietnam has the potential for marine
aquaculture. The government of Vietnam considers maricultural a priority in its overall strategy
for marine economic development. The South Vietnam Sea is an open sea with many big islands
(such as Phu Quy and Con Dao). This area has received the most considerable attention as it has
the highest reserve of aquatic products in Vietnam.

Observing and studying Sea Surface Salinity (SSS) variability plays a crucial role in
understanding ocean circulation and its impacts on global climate and natural water resources.
The ocean salinity variability has significant effects on regional ocean circulation and indirect
air-sea interactions and the resulting weather and climate events (Wang et al., 2021). Locally,
variability in ocean salinity may also play a role in regulating deep circulation and heat and
freshwater distribution (Qu et al., 2006). Vietnam’s eastern sea is strongly influenced by major
climate modes such as El Nino/Southern Oscillation (ENSO), which significantly changes
evaporation, precipitation, wind, and ocean currents and further impacts the SSS. However, owing
to limited historical observations, salinity remains one of the least understood fields of the ocean
and climate system. Specifically, SSS variability and its relationship with ENSO in the Southern
Vietnam Sea remain poorly understood. Recently, with advances in measuring technology, both
in situ measurements and satellite remote sensing techniques, SSS variability has been studied
extensively (Lagerloef et al., 2012; Mecklenburg et al., 2012; Fore et al., 2016). We select the
strong 2015/2016 El Nino event as a case study to investigate the effects of El Nino on SSS over
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the Southern Vietnam Sea.

2. STUDY AREA, DATA AND METHODS
2.1 Study area

Southern Vietnam Sea is an open sea including many large islands (Phu Quy, Con Dao).
This area plays a significant role in the sea-related economy in Vietnam as it is the largest fishery
production in the country. Based on natural conditions and topography, this sea area can be divided
into two areas: the Southern Central Sea and the Mekong estuary.
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Figure 1. The study area is shown in the red box.
2.2 Data and Methods

To describe SSS variability in the Southern Vietnam Sea, this research uses remote sensing
SSS products from the Mult-Mission Optimally Interpolated Sea Surface Salinity (OISSS) Level 4
V1.0 dataset (referred to as OISSS hereafter). This dataset maps the level-2 orbital swath data from
the AQUARIUS/SAC-D mission, the Soil Moisture Active Passive (SMAP) mission, and the Soil
Moisture and Ocean Salinity (SMOS) mission onto a 0.250 spatial and 4-day temporal grid using
Optimal Interpolation (OI). The monthly SSS products are produced on a 0.25-degree spatial and
a 4-day temporal grid using OI (Melnichenko et al., 2016).

Other observational data have been used to better understand the effects of E1 Nino on SSS. The
precipitation from the GPCP (Rebert et al., 2003), the evaporation data from ECMWF Reanalysis
Version 5 ERAS. The 500 hPa vertical velocity data is calculated from the ERAS reanalysis system.
In this study, anomalies of precipitation and 500 hPa vertical velocity are obtained by subtracting
the climatology from its monthly values. The Nino 3.4 indexes obtained from the NOAA (National

42 International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth
and Allied Sciences 2023

Oceanic and Atmospheric Administration) Physical Sciences Laboratory will also be used.

3. RESULTS
3.1 Monthly variability of Sea Surface Salinity during El Nino 2015-2016

To illustrate the monthly variability and annual cycle, monthly mean SSS fields are analyzed
from the OI SSS over the period from 2015 to 2016. These three-month analyses are used to
represent the time of season in Vietnam.

The distribution of SSS in December, January and February 2015 and 2016 in the study
area is presented in Figure 2. In general, relatively low sea surface salinity (<31 psu) was found
in most of the waters of the Gulf of Thailand in both two years. However, the distribution of SSS
is contracyclically different between 2015 and 2016. In December, relatively high salinity was
observed in the northern seas area in 2015, but relatively low salinity in 2016. The distribution of
sea surface salinity this December is generally oriented South, with its value decreasing towards
the South in 2015 and vice versa in 2016. The distribution of SSS is similar in January and February
with high salinity observed in the Southern Sea and low in the northern sea in 2015. In contrast,
the patterns display an opposite trend in 2016, in which SSS is higher in the northern sea than in
the Southern Sea.
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Figure 2. Spatial distribution of mean monthly SSS (psu) over the Southern Vietnam Sea in
2015-2016 in December (a), (b) January and (c) February.

Figure 3 shows the spatial distribution of mean SSS during the months of March, April
and May of 2015 and 2016. SSS patterns in March are similar to those in April and May. The
distribution of large-scale sea surface salinity is generally oriented South-North in 2015 and
relatively uniform in 2016. In 2015, surface salinity decreased from about 34 PSU in the Southern
part of the area to 33.5 PSU in the Northern part of the area. The lowest salinity, lower than 32.5
PSU, was observed in the entire Gulf of Thailand. The coastal salinity in 2016 is apparently higher
than those in 2015. During these spring months, the SSS in the region becomes generally lower in
most of the Northern part, saltier in the Southern part in 2015 and relatively uniform in 2016. The
lowest salinity is observed in the Gulf of Thailand. Spring is a transition period from the winter
monsoon to the combined monsoon with less rainfall and weak currents, such that no drastic
changes in the distribution of sea surface salinity are observed.
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Figure 3. As Figure 2, but for (a) March, (b) April and (c) May.

SSS patterns in 2015 are similar to those in 2016 during the summer months in 2015 and
2016 (Figure 4). Salinity becomes lower in the Southwest and South, as well as slightly higher in
the Northern and Eastern parts of the sea. The most noticeable changes exit in the South coastal
area where a tongue of low SSS extends from the Gulf of Thailand Northeastward along the coast
of Southern Vietnam, reaching as far as the center of the eastern sea of Vietnam. Relatively high

salinities are observed along the coast of central Vietnam.

Compared to winter, the summer Southwest monsoon brings heavy rainfall, covering most
of the East Sea and strong winds create a reverse vortex in the South. This may be a cause that may
be responsible for these remarkable changes. The SSS minimum is found near the Mekong River

delta and is related to a contribution from river outflows in this area.
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Figure 4. As Figure 2, but for (a) June, (b) July and (c) August.

The spatial distribution of SSS in 2015 and 2016 is generally similar during the autumn
months (Figure 5). It should be noticeable that salinity decreases more extensively eastward in
September and October than in November of two years in the Southern region. Compared with
2016, the high salinity in 2015 expanded more Southward and westward over the area. In addition,
the minimum salinity of 32 PSU is found in the estuary area of the Mekong river Delta, where
freshwater discharges from rivers. In general, the saltiest region is in the North of 11°N and the
freshest region is in the South and Gulf of Thailand. Freshwater flows from the Gulf of Thailand
and the contribution of Mekong river runoff and rainfall may be favorable conditions for the
minimum SSS in September and October.
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Figure 5. As Figure 2, but for (a) September, (b) October and (c) November.

3.2 ElNino 2015/2016 and SSS variability over Southern Vietnam Sea

The El Nino-Southern Oscillation (ENSO) has been previously studied extensively in the
ocean-atmosphere system. Figure 6 shows the time series of the Nino 3.4 index from Jan 2015 to
December 2016. From January 2015, the Sea Surface Temperature (SST) in the central equatorial
Pacific began to increase and the standard deviation of sea surface temperature (SSTA) in the
NINO 3.4 region reached 0.5 °C. This index continuously increased in the following months,
showing that the El Nino phenomenon formed and peaked in December 2015 with a value of
more than 2.5 °C. This value was lower than the maximum value during the 1997-1998 El Nino
and El Nino 2015-2016 became the second strongest El Nino since available observed data. El
Nino 2015-2016 ended in May 2016, lasting a total of 16 months. Thus, El Nino 2015-2016 is the
longest El Nino since ENSO observation data. According to the National Oceanic and Atmospheric
Administration’s Oceanic Nino Index [ONI - a monthly index defined based on the three-month
running mean SST anomalies averaged over the Nino3.4 region (5°N-5°S, 120-170°W)], a super
El Nino can be defined as one in which the ONI is greater than 2 °C (http://www.cpc.noaa.gov/
products/analysis monitoring/ensostuff/ensoyears.shtml).
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Figure 6. The anomaly Nino 3.4 index from Jan 2015 to December 2016.

Changes in SSS were observed in the Southern Vietnam Sea during the maturity of El Nino
2015/2016. To further clarify the relationship between El Nino and sea surface salinity in this area,
further analyses of vertical velocity at 500 mb, evaporation and precipitation were performed using
reanalyzed data from NCEP (Figure 7). The rainfall anomalies associated with El Nino are strongly
month-dependent and vary most prominently from the El Nino developing month to the decaying
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month. Figure 7 (bottom) shows the rainfall anomalies associated with the 2015/2016 El Nino
in December of 2015 and 2016. The observations indicate harshly deficient rainfall in December
2015 but enhanced rainfall in December 2016 over the Southern Vietnam Sea. Many studies have
recognized El Nino as the major source of precipitation (e.g., Wang and Li, 1990; Chang et al., 2000;
Wuet al., 2003; Wang et al., 2009a; Yuan and Yang, 2012). El Nino caused the anomalous sinking of
air (Fig. 7 top), leading to negative precipitation and evaporation anomalies in most of the Southern
Vietnam Sea in December 2015. The situation was reversed in December 2016.
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Figure 7. The anomaly vertical velocity at 500 hPa (Omega in Pa 57, positive values reflect
subsiding motion), evaporation (mm/day) and precipitation (mm/day) in December 2015 (left)
and 2016 (right).
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Deficient or enhanced precipitation over the Southern Vietnam Sea occurs during the strong
and decaying El Nino months. This is because El Nino can cause anomalous sinking of air, leading
to a weakening of precipitation and a strengthening of evaporation in the Southern Vietnam Sea
in December 2015. The situation was reversed in December 2016. We noted here that the spatial
patterns of evaporation and precipitation in December 2015 are consistent with high values of SSS
in the Northern area of 10 N but likely inconsistent in the Southern area of 10 N. This discrepancy
could reflect other influences of ocean dynamics on the SSS distribution. In addition, low SSS
found along the coast South of 10 N may be related to anomalous surface freshwater flux and
Mekong river runoff during El Nino months. We will leave those subjects for future studies.

4. DISCUSSION AND CONCLUSION

The technological innovation in satellite remote sensing has provided a novel observation of
the ocean. By using these new products, we have been able to investigate the spatial and temporal
variability of SSS over the Southern Vietnam Sea during EI Nino 2015-2026 months. The results
show that the monthly distribution of SSS in the Southern Vietnam Sea gradually decreases
Southwestward and becomes saltier in the eastern part of the region during the summer and fall
time. There is a relatively uniform distribution of SSS found in most of the area during spring
months. Spring is a transition period from the winter monsoon to the combined monsoon with less
rainfall and weak currents, such that no drastic changes in the distribution of sea surface salinity
are observed. The lowest salinity is observed in the Gulf of Thailand in whole years.

El Nino-Southern Oscillation (ENSO) was previously recognized to play an important role
in the annual variations of the climate system in the East Sea. The SSS in the Southern Vietnam Sea
appeared to be closely related to ENSO. During the mature months of El Nino, a wide salinification
is observed over most of the region. Low SSS is visible only in a small region along the coast
South of Vietnam and Mekong estuaries. In general, the SSS in the area is much saltier during the
months of an active El Nino than in other months.

Our results show that evaporation, convection and precipitation responsible for SSS
variability are different between 2015 and 2016 months. Deficient or enhanced precipitation
over the Southern Vietnam Sea occurs during the strong and decaying El Nino months. This is
because El Nino can cause anomalous sinking of air, leading to a weakening of precipitation and
a strengthening of evaporation in the Southern Vietnam Sea in December 2015. The situation was
reversed in December 2016. We noted here that the spatial patterns of evaporation and precipitation
in December 2015 are consistent with high values of SSS in the Northern area of 10 N but likely
inconsistent in the Southern area of 10 N. This discrepancy could reflect other influences of ocean
dynamics on the SSS distribution.
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ABSTRACT

The technology of Terrestrial Laser Scanning allows a quick scan of the terrain surface and
creates a database in the form of a point cloud to generate a digital model of hard-to-reach areas

such as underground mines, transport rail, and mining pits where minerals have been exploited.

The paper presents the application of Terrestrial Laser Scanning technology and takes a
case study at a mining pit of the Khe Cham coal mine for building digital spatial data of the
mining tunnel system, transportation, ventilation, calculation of excavation volume and mining
output over time in mining pit of Khe Cham coal mine, cycle 0 is 4070.19 m?, cycle 1 is 13668.06
m? to ensure the coal mining management and to minimize the access and presence of people in

dangerous underground mining areas.

1. INTRODUCTION

Most of the underground coal mines in Quang Ninh province have a complex geological
structure. Because the mining depth of the underground mines is getting deeper and deeper, it
requires more and more advances in mining science and technology to be converted to apply.
This has become a challenge for coal mines belonging to the Vietnam National Coal and Mineral
Industries Group. In fact, the number of accidents in underground mining has had an upward trend
in recent times (Lap, 2018). Statistics show that, among the causes of accidents in underground
coal mining, the most dangerous and serious cause is the collapse of the tunnel and the water bag,
which often leads to a large amount of coal, soil, and rock falling into the pit area, the mining area
buried people and mining vehicles, causing damage to people and machines. These two causes
account for 45 % of the total number of pit accidents and occur frequently every year. For example,
the accident on March 31, 2006, at the pit slope of Vu Mon area, belonging to Mong Duong coal
joint stock company, and the terrible tunnel collapse on August 20, 2015, at Thanh Cong coal mine,
belonging to the Hon Gai Coal Company has a serious impact to health and life of many workers
due to occupational accidents. Some firms, such as Laica, Faro, and Geomax, have introduced
and promoted terrestrial laser scanning systems in Vietnam. The An Thi Company used Faro’s
Focus3D X330 to test some caves in Quang Binh. Geomax laser scanning equipment has been
applied by some authors, such as Vu Quoc Lap, Nguyen Viet Nghia, and other members in the

field of mineral activities (Lap, 2018), and has initially had certain results. Eventually, researching
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the application of new technologies in surveying, building a topographic database, determining the
volume of excavations, and mining output in dangerous areas in underground mining is necessary
for minimizing the dangers for workers directly in the mining area and serving the management of

mineral exploitation in the underground mine.

2.  OBJECTS AND RESEARCH METHODS
2.1 Research objects

Khe Cham coal mine belongs to Vietnam National Coal and Mineral Industries Group,
located in the northeast of Cam Pha city. The North borders with Duong Huy and Bang Tay mine;
The South borders with Khe Sim, Lo Tri, Deo Nai, and Coc Sau mine; the East borders with Quang
Loi and Mong Duong mine; and The West borders with Khe Tam mine. The mine is currently
exploiting down to -350 m with an output of about 3.5 million tons of coal per year by 2024 (Ha
Long Coal company).
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Figure 1. Experimental measurement area for terrestrial laser scanning

Khe Cham coal mine, Cam Pha.
2.2 Research method
2.2.1 System of terrestrial laser scanner Geomax SPS Zoom 300

Geomax SPS Zoom300 was introduced and put on the market in 2014 with technical features
that allow scanning according to the modes in Table 1.

With X-PAD software - a specialized data cloud processing tool for Geomax laser scanners,
Geomax’s scanner software includes 04 modules: BASIC, L-SCAN, TOPO, and X-CAD, which
make it easy to process point clouds. X-PAD MPS software provides tools for collecting, processing,

analyzing, sharing, and displaying point clouds (User manual, 2019).
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Figure 2. Laser Scanner Geomax SPS Zoom 300.

Table 1. The scanning modes of Geomax SPS Zoom 300.

No Scanning Total Roints/ Scan fime/ Resolution at 50 m Resolution at
mode station station 100 m
1 |Fine 64.000.000 1h06°40” 1.96 cm 3.92 cm
2 |Standard 16.000.000 0h16°40” 3.92 cm 7.85 cm
3 |Fast 4.000.000 0h04°10” 7.85 cm 15.7 cm
4 |Preview 1.000.000 0h01°02” 15.7 cm 31.41 cm

2.2.2 Testing the accuracy of the laser scanner Geomax SPS Zoom 300

a) Evaluation of the accuracy and odds of scanning position by laser scanning technology

To evaluate the accuracy of point location errors of Geomax SPS Zoom300 in actual
conditions, a network of 6 monitoring points is arranged on the operating bench edge of a coal mine
within a radius of 150 m. The distance and coordinates of the points determined by the Topcon
GPT7501 electronic total station are used for comparison data. In which the angle measurement
accuracy is 3”; distance measurement accuracy using mirrors is £ (2 mm + 2 ppm); mirrorless
measurement accuracy is £5 mm within a range of < 250 m. Coordinates and distances between
benchmark points are determined using by mirroless measurement method of the electronic total
station GPT7501. When performing measuring operations, it is necessary to accurately capture the
centers of the scoreboards and take the average from 3 measurements on both left and right circle
positions. The signal used for positioning and scanning by laser is 20 x 20 cm in size. Its surface is
covered with reflective paint in order to increase the surface reflection of the laser beam. The signs
are arranged in straight lines perpendicular to the bench crest. Each bench arranges 5 benchmarks
so that the maximum distance from the instrument to the target is equal to the farthest distance that
the instrument can scan (Lap, 2018).
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Figure 3. Diagram of checking location error of scan point by Geomax SPS Zoom 300.

The point position error determined by Geomax SPS Zoom 300 is calculated according to

, dd
i _ d'd’ 1
m =+ - (1)

di: Distance difference between measurement by electronic total station and measurement by

the following formula:

Geomax SPS Zoom 300 at the ith measurement;
n: the number of comparative points;

The results of determining the measured distance difference between Geomax SPS Zoom
300 and Topcon GPT7501 at the mine site are shown in Figure 4.
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Figure 4. The chart shows the distance difference and the error of the midpoint position in
determining the focal point using Geomax SPS Zoom 300 compared to
Topcon GPT7501.

The test results show that the accuracy of the actual measurement result of the 3D laser
scanner Zoom 300 at the pit slope of the open coal mine is consistent with the instrument’s
technical indicators and completely meets the requirements and technical standards in measuring
and monitoring the pit slope deformation and terrain mapping (MONRE, 2013; MONRE, 2015).

b) Evaluation of the accuracy of the digital elevation model built by laser scanning technology

Evaluate the accuracy of the post-processed point cloud as well as the established digital
elevation model, conduct field testing, and compare the coordinates and elevation of the digital
elevation model with the coordinates, elevation of test measurement points, arrangement of
measuring cross-section lines to check terrain elevation using Topcon GPT7501 electronic total
station.
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Table 2. Root mean squares to compare the elevation measured by Geomax SPS Zoom300 with
Topcon GPT7501.

No Actual field measurement at | Number of Number of Root mean
pit slope sections comparative points squares (mh)

! + Cycle 0 6 182 +0.0056 m

2 + Cycle | 6 141 +0.0099 m

According to the test results, it is found that the accuracy of the digital elevation model built
by terrestrial laser scanning meets the requirements of the research contents and consists of the
instrument’s specifications in order to measure and identify the movement and deformation of pit
slopes (MONRE, 2013).

3. RESULTS AND RECOMMENDATION
3.1 Processing of terrestrial laser scanning data

3.1.1 Processing of point cloud data at each single scanning station

The scan data of each station is imported into the X-PAD MPS processing software through
the “Import Point Cloud data” function of the processing software, and the parameters can be set
to filter the scan data, such as the response strength, the distance from the scanning station to the
scan point (Figure 5).

Figure 5. Single-station point cloud data after processing.
3.1.2 Pairing of scan stations, checking data coverage

To combine the scanning stations and convert the point cloud to the VN-2000 coordinate
system, X-PAD MPS processing software is used as input parameters being the coordinates of the
station points and the coordinates of the focus points. In the process of combining single scanning
stations, it is essential to determine the common measurement criteria between the scanning
stations. The accuracy of the point cloud model depends on the number of common points, the
distance from the scanner to the scanning point, as well as the image quality of the target captured
in the point cloud.

After merging the measuring stations to form a point cloud of the entire area, it is necessary
to conduct preliminary processing of the data to check whether all the scanned data covers the
scanning area or not, then compare coordinates and heights of overlapping points between 2
consecutive scanning stations to check whether the quality is satisfactory or not. Based on those

International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth 53
and Allied Sciences 2023



results, there will be a plan for compensating measurement (laser scanning or manual measurement
with an electronic total station) if the error exceeds the permissible limit or lacks data (MONRE,
2013). The coordinates, elevation of the scanning station, and measurement criteria are entered
through the “import text file” function of the X-PAD MPS processing software. In the process of
pairing scanning stations, it is necessary to check the accuracy through the increments Ax, Ay, Az
of identical pairs.

3.1.3 Data standardization and additional measurements

- The point cloud data of the scanning stations is merged into a block. The data usually
contains surface noise points from the discrete scanning stations before merging. The main purpose
of this step is to correct and remove surface noises as well as help reduce storage capacity and
speed up model data processing.

- After being filtered, the point cloud data needs to be classified by class with each attribute
and must be designed so that the objects are well managed in both attributes and space, saving on
storage capacity and helping manage and use in a simple and effective way.

+ The classification of data is conducted on the basis of combining intensity images, field
surveys and digital images (if any). Before performing data classification, special attention
should be paid to the structure of each type of mining gallery (mining pit, transport ways,
ventilation channel)

+ After finishing this stage, the point data cloud must be separated into different layers
based on its properties, such as ground rock, coal seam (mineral seam), and construction objects
(columns, rails, electrical lines, ventilation pipes, etc.).

- Checking the point cloud data after being processed, filtered, and classified the object needs
to identify areas that are missing or have no data, the areas with weak laser reflection strength, and
the obscured areas; it is necessary to conduct additional measurement planning by laser scanning
or by other direct measurement methods (by electronic total station, etc.).

- Topographic signals that are separated from the group of geologic signals will be the
necessary data to build a digital elevation model (DEM). The 3D digital model is built using the
“TOPO” module of the X-PAD MPS software or exported to a txt file (file format XYZ, RBG) to
create a 3D digital model by other intermediate software, which serves to calculate the volume of
soil and minerals exploited in a cycle.

- Based on the combination of coordinates, point cloud elevation, intensity, and digital
images (if any), image interpretation and vector of objects are implemented. Conduct
vectorization of objects to establish 3D models of the mining gallery system, and construction
works to serve the mine management such as replacement, repair, fire prevention, and rescue
(Nghia and Dung, 2016).

Object vectorization must ensure reasonableness between related object classes and unified
data management and be deployed in the following order:

+ Boundaries of coal seams (minerals), geological constructions, geodetic control points,
and geological faults.

+ Infrastructure: electrical system, ventilation, traffic, operational building, drainage system.
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- After interpreting the images, it is necessary to print and conduct a comparative investigation
of the objects in the field to eliminate errors.

- The digital model of the current state of the mining galleries must ensure to accurately
represent the geometric relationship among the mining galleries, the underground mining
constructions, the topography, and the constructions and architectures on the ground (if any)
(Nghia, Long, Lap, 2017).

3.2 Terrestrial laser scanning for the construction of spatial data on the current state of the
mining galleries system

In order to evaluate the applicability of terrestrial laser scanning technology, a test of
terrestrial laser scanning technology is conducted to measure and collect data to create spatial
data on the current state of the mining galleries system at Khe Cham coal mine, Quang Ninh:
measurement time from May 15, 2017, to June 15, 2017;

In the mining galleries area, to ensure the detail of the 3D digital model, the Geomax
Z00M300 scanner is set to scan at the most detailed level of “Fine”, in the panorama mode with
a scanning radius (vertical/horizontal) of 270°/360°. The target for measuring 3D terrestrial laser
scanning is the blackboard (25 x 25 cm) and reflective paint, which has conducted laser scanning
measurement with the volume of the scanning station to serve the construction of spatial data with
the current status of the mining galleries system is 9 stations;

With the ability to collect point cloud data with a resolution of up to 1.96 cm (measured at
a distance of 50 m) combined with digital imaging, the SPS Zoom 300 terrestrial laser scanning
technology is ideal for collecting spatial data for the establishment of 3D models of construction
works, especially tunneling systems in underground mines. From the point cloud, the light-intensity
image vectorizes the objects to reconstruct the 3D model of the mining galleries system (pillars,
ventilation ducts, railways, and power grids) (Figure 6).
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Figure 6. Line point cloud, mining area after connecting measuring stations.
3.3 Terrestrial laser scanning for mining mineral volume calculation

Experimenting with terrestrial laser scanning technology to measure and collect data for the
calculation of the excavation volume and mineral output in the mining pit at Khe Cham coal mine,
Quang Ninh, with 2 cycles:

+ Cycle 0 measured from May 25, 2017, to June 25, 2017;

+ Cycle 1 measured from July 18, 2017, to August 18, 2017;
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In the market area, to ensure the detail of the 3D digital model, the Geomax ZOOM300
scanner is installed to scan at the most detailed level of “Fine”, in panoramic mode with a scanning
radius (vertical/horizontal) of 270°/360°. The target for 3D terrestrial laser scanning measurement
is the blackboard (25 % 25) cm and reflective paint. Laser scanning has been carried out with the
volume of the scanning station for the calculation of the excavation volume and mineral output 11
stations, of which period 0 is 5 stations, cycle 1 is 6 stations;

From terrestrial laser scanning data of period 0 and cycle 1 in the mining pit of Khe Cham
coal mine, X-PAD MPS software is used to calculate the volume and volume of coal mined between
02 measurement cycles in Figure 7.
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Figure 7. Khe Cham coal mine (mining pit) area point cloud measured at period 0 and period 1.

After processing point cloud data and filtering noise points, the function of X-PAD MPS
software is used to generate a 3D surface model (TIN) of the mining galleries system of the mining
area of 02 measurement cycles period, thereby calculating the volume and mass extracted at each
cycle. Using the volumetric function from the 3D digital model (TIN) of the X-PAD MPS software
(or its accompanying processing software), the volume of coal mined for two measurement cycles
is shown in Table 3 (User manual, 2019).

Table 3. Coal mined volume between 2 cycles in underground mines.

Mining volume
No Mining Cycle Note
Area (m?) Volume (m’)
1 Cycle 0 398.65 4070.19
2 Cycle 1 1044.31 13668.06
Total 1442.96 17738.25

4. CONCLUSION

3D Terrestrial laser scanning technology is being researched and manufactured with more
and more complete measuring devices and data processing software (accuracy, scanning distance,
speed, and scanning density). Laser scanning equipment was introduced by reputable manufacturers
such as Leica, Faro, Trimble, Geomax, etc. to the Vietnam market with more and more affordable
prices. Therefore, it is possible to research and apply 3D terrestrial laser scanning equipment in
production practice for underground mining in Vietnam.

The result of 3D terrestrial laser scanning technology is point cloud data; after processing
and building a digital model of the mining area has fully demonstrated the topography, topography
as well as reflected the current state of the mining galleries and mining area, thereby allowing the
calculation of the excavation volume and the volume of minerals to be exploited.
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When comparing point cloud data, a digital elevation model with field measurements
(measurement of longitudinal and transverse sections) is used to check accuracy. The comparison
results show that the error of plane and height is less than or equal to + 0.03 m. With this accuracy,
terrestrial laser scanning technology can be applied to form a digital terrain model and calculate
the volume of minerals exploited for underground mines while meeting the technical requirements
when mining underground minerals.
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ABSTRACT

The objective of this paper is to compare the application of GIS technology to compare
ordinary least squares (OLS) and Geographically Weighted Regression (GWR) regression models
in determining market land prices at Thuy Van ward. Research results show that both models identify
the same variables affecting land prices in the market, including the following factors: Area of the
land, width of road attached to the land plot, distance to hospital, being able to generate cash flow,
planning information with different equation coefficients. However, the level of R’ interpretation of
both models is quite similar to the GWR model, which is 76 % lower than 78 % of the OLS model.
Besides, the difference between the market land price and the estimated land price from the two
models is quite similar when about 75 % of the difference goes under about 3 million VND per m°.
Thus, both models are easy to apply and have high accuracy in valuing residential land in series;
also, these models contribute to improve the efficiency of land valuation.

1. INTRODUCTION

The field of Geographic Information Systems (GIS) technology has seen significant as a big
and rapid progress in recent years (Li & Li, 2012). GIS technology has been widely applied to the
following contents: determining land suitability (Chandio et al., 2011), real estate (Qian, 2013), land
information (Longley & Cheshire, 2017), and land price (Xu & Li, 2014). Nowadays, Geographic
Information Systems (GIS) and web service technologies facilitate the dissemination, exploration,
and examination of land price data. The principal benefit of the GIS-based web approach resides in
its incorporation of spatial-temporal analysis models and web GIS technology. Thereby, it enables a
greater number of investors and administrators with restricted domain expertise in order to acquire
a more comprehensive comprehension of the evolving pattern and spatial arrangement of land
prices (Yang et al., 2015). The problem of determining land price is an important, a complicated
and complex issue, therefore it is necessary to combine many different research methods to find
the most optimal models of land price determination. In GIS technology, there are many different
models to determine land prices. In this study, the author uses two models: Ordinary Least Squares
(OLS) and Geographically Weighted Regression (GWR). Ordinary least-squares (OLS) regression
is a statistical technique used to model a single response variable that has been measured on at least
an interval scale. The technique can be applied to both single and multiple explanatory variables,
including categorical variables that have been appropriately coded (Dismuke & Lindrooth, 2006).
GWR is one of the collections of spatial regression methodologies that are employed in the field
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of geography and other related disciplines. GWR assesses a localized model of the particular
variable or procedure that one aims to comprehend or anticipate through the process of fitting a
regression equation to each and every characteristic within the dataset given. Subsequently, GWR
formulates these distinct equations by assimilating the dependent and explanatory variables of
the characteristics that are situated within the vicinity of every designated characteristic (Wheeler
& Péez, 2009). There have been numerous scholarly endeavors employing these two models for
investigation. In Thailand, the team of researchers has constructed a model encompassing the
evaluation and market prices of land within the metropolitan region of Bangkok (Malaitham et al.,
2020). An analysis of the determinants of commercial land prices in the city of Hangzhou, China,
using Geographically Weighted Regression (GWR) and Ordinary Least Squares (OLS) techniques
(Garang et al., 2021) and analyzing the changes in real estate prices in Taitung City, Taiwan (Wang
et al., 2019). In Vietnam; particular in Hanoi, researchers have built a market house price model
(Phe et al., 2016). Research results in the world as well as in Vietnam, show that the use of OLS
and GWR methods in determining land prices is appropriate. However, my explicit knowledge,
there has been not any single research to compare the land price model in Thuy Van ward, Hue
city, Vietnam. Therefore, this is the first study as well as valuable potential one with the aim of
assessing the market residence land in Thuy Van ward, Hue city, Vietnam by using OLS and GWR
models to build on QGIS software. The research results have contributed to straightforward mass
land valuation for this area and found the advantages of two models in determining land prices.

2. STUDY AREA AND MATERIALS
2.1 Study area

|

Figure 1. Cadastral map of Thuy Van ward and land price sampling point.

Thuy Van ward has a natural area of 4.92 km? and a population of 7,932 inhabitants.
According to the 2022 socio-economic report of Hue City, in-addition, Thuy Van ward has a plain
terrain located in the planning area of An Van Duong new urban area. At the same time, there is an
arterial traffic route of the 49" National Highway through the connections with nationwide others,
convenience for exchanges with many regions in among towns and provinces, and is a destination
attracting domestic and foreign investment, and it is really creating favorable conditions for
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infrastructure development and boosting up the local economy. Thuy Van ward is located as a
suburban area towards the south of Hue City with much potential for urban development and a
high urbanization rate when it borders Huong Thuy town to the east and Vy Da ward to the west.
It is bordered by a line of distinction between An Dong ward and Xuan Phu ward to the South and
the North by Phu Thuong ward and Phu Vang district.

2.2 Materials

The study uses the following data collected, such as cadastral maps from the Information
Technology Center, Department of Natural Resources and Environment of Thua Thien-Hue
province. In addition, we collected 200 transferred land plots, and the factors affecting the land
price were determined to be suitable for the area. It aims to collect information about transferred
land plots, including land prices and other information in Thuy Van ward, Hue City to run 2 models
in QGIS.

3. METHODOLOGY

The research process consists of 5 stages as follows:

Figure 2. Data processing process.

Stage 1: Collecting land price data, factors which are affecting land price, cadastral map

The study was conducted to collect 200 transferred land plots, and the factors affecting
the land price were determined suitable for the area, including the area of the land, width of
road attached to the land plot, distance to the hospital, Ability to generate cash flow; Planning
information and information about residential land price as shown in Table 1 and the cadastral
map in 2022.

Stage 2: Building a current map

The study was conducted using the FME tool to convert all data to the current status map
with the VN2000 coordinate system with a 3-degree projection zone of Thua Thien-Hue province.

Stage 3: Giving land price data and land parcel information, factors which are affecting

land price

Use the important tool to bring all information from Excel linked to the land plot information
so that the land plot has all the data to ensure the process of running the model.

Stage 4: Running OLS, GWR models

This study applies the OLS model and GWR model with tools on QGIS and edited/renewed
the results from the two models mentioned above.

Stage 5: Comparing the results of two models

The results of the two models are compared from parameters such as R2, AICC, multi-
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collinearity, significance level of variables, residuals, and normal distribution.

Table 1. Variable format for land price model.

No. \;;l;i)l:)lle Description Unit Type
1 LP Land price (Dependent variable) million vnd/m? Quantitative
2 AL Area of the land m? Quantitative
3 WD | Width of road attached to the land plot m Quantitative
4 DH  |Distance to hospital m Quantitative
5 CF Ability to generate cash flow 1=yes; 0 =no Dummy variable
6 PI Planning information 1=yes; 0 =no Dummy variable

4. RESULT AND DISCUSSION

In the process of evaluating and building a land valuation model, several models can be
selected, but this study focuses on comparing the two models, OLS and GWR, as a case to illustrate
for this paper.

4.1 OLS model

Using the OLS tool in Spatial Statistics in QGIS to run the model results, the results are
shown in Table 2 below.

Table 2. Summary of OLS results - model variables.

Variable Symbol | Coefficient [a] | Std. Error | t- Statistic | Probability [b] | VIF (c)
Intercept 19.148 1.439 13.308 0.0000
Area of the land AL -0.023 0.003 -7.818 0.0000 1.063
?}Yédlg;zfpﬁ?d attachedto |+ gy 0.416 0028 | 14.982 0.0000 | 1.556
Distance to hospital DH -0.002 0 -6.999 0.0000 1.408
Ability to generate cash flow| CF 2.091 0.639 3.271 0.0010 1.386
Planning information PI 4.826 0.954 5.057 0.0000 1.257

Adjusted R-Squared [d]: 0.780001; Prob(>F), (5.165) degrees of freedom: 0.000000*
Akaike’s Information Criterion (AICc) [d] = 880

The data results from Table 2 show that the OLS land pricing model is significant with sig =
0.00 < 0.05, and the model explains 78 % of the land price variation with the following influencing
factors: Area of the land; Width of road attached to the land plot; Distance to hospital; Ability to
generate cash flow; Planning information. The AICc value is achieved at 880, and the VIF results are
all <2, so there is no multi-collinearity phenomenon. The variables are entirely independent of the
impact on land prices. Thus, the OLS model builds the land price determination equation as follows:

LP=19.148 -0.23xAL + 0.416xWD - 0.002x DH + 2.091xCF+ 4.826x PI
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Table 3. The importance of the factors affecting the land price of the OLS model.

No. ‘;;:;1‘:)1: Description T(l)l;! t;le)s:(::gc‘ilgrllltle Percentage (%) | Rank
1 AL |Area of the land 0.023 0.31 4
2 WD | Width of road attached to the land plot 0.416 5.65 3
3 DH  |Distance to hospital 0.002 0.03 5
4 CF | Ability to generate cash flow 2.091 28.42 2
5 PI Planning information 4.826 65.59 1
Total 7.358 100.00

At the same time, the results of Table 3 also show that the influence of the factors on the price
is evaluated in order, with the most important factor being planning information at 65.59 % and the
least influential factor being distance to hospital with 0.03 %. This is consistent with the fact that
when the price of land in this area increases, it is concentrated in areas with planning information
related to road widening and construction of housing projects such as Ecogarden, Royal Park, and
Parks. FPT technology, eco-tourism area, etc. The rest of the remaining areas do not have projects,
and land prices are often less volatile and low because the degree of urbanization here is relatively
low, reflecting the current situation of rural landscape in residential areas.
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Figure 3. Average distribution histogram OLS model.

In addition to the results of the model’s variable parameters, the research results also show
that the model’s residuals are normally distributed with a relatively low standard deviation of
2.955, and the mean is -0.2549.

4.2 GWR model

Using the GWR tool in Spatial Statistics in QGIS to run the model results, the results are
shown in Tables 4 and 5.

Table 4. Results of OLS and GWR models.

OLS GWR
Adjusted R? 0.78 0.76
AlCc 880 898
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The results from Table 4 show that the GWR model has an Adjusted R2 = 0.76 value with a
significant explanation for land price change of 76 %, which is 78 % lower than that of the OLS
model in addition. AICc value of 898, which is greater than 880 of the OLS model, also shows
that the OLS model has higher performance and better fits to the data set. In addition, the values
of conditional Number (CN) range from 10-29, so there is no multi-collinearity. The GWR model
builds the land price determination equation as follows:

LP=15.176 -0.020xAL + 0.519xWD - 0.004xDH + 2.45xCF+ 4.433xPI
Table 5. Summary of OLS, GWR results.

Variable Symbol Coefficient of OLS Coefficient of GWR
Intercept 19.148 15.176
Area of the land AL -0.023 -0.020
Width of road attached to the land plot WD 0.416 0.519
Distance to hospital DH -0.002 -0.004
Ability to generate cash flow CF 2.091 2.45
Planning information Pl 4.826 4.433
Table 6. The importance of the factors affecting the land price of the GWR model.
Variable . The absolute value | Percentage
No. symbol Description of the coefficient (%) * | Rank
1 AL | Area of the land -0.020 0.27 4
2 WD | Width of road attached to the land plot 0.519 6.99 3
3 DH  |Distance to hospital -0.004 0.05 5
4 CF Ability to generate cash flow 2.45 32.99 2
5 P1 Planning information 4.433 59.70 1
Total 7.426 100.00

The data results in Tables 5 and 6 show that both models have the same variables with positive
correlation with the width of the road attached to the land plot, ability to generate cash flow; planning
information and negatively correlated with distance to the hospital and area of the land. At the same
time, the results also show that both models have the same order of factors affecting land price, only
the percentage is different. The GWR model with the most critical factor is planning information at
59.70 %, and the least influential factor is to keep a distance from the hospital at 0.27 %.
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Figure 4. Normal distribution histogram GWR model.

International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth 63
and Allied Sciences 2023



In addition to the results of the model’s variable parameters, the research results also show
that the model’s residual normal distribution has a higher standard deviation (SD) than the OLS
model when the value is 3.162 and the mean value is 0.01885.
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Figure 5. Residual absolute value boxplot of 2 models.

The results show that after taking the absolute value of the residuals of the two models,
the errors of the two models are similar when both models have 75 % error at less than 3 million
VND/m?. However, the OLS model shows that at less than 50 %, the GWR model shows a result of
2 million VND/m?, while the OLS model is only about 1,6 million VND/m? lower. Thus, the OLS
model with a normal distribution of residuals shows that the level of prediction error is relatively
lower than that of the GWR model.

The research results show that the land price determination model built by the OLS model
has a higher level of significance and relevance. However, the GWR model has the advantage
that there are map layers of each variable representing the distribution in space, supporting the
observation of the impact of variables on land prices.
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Figure 6. The distribution of the influence of factors on land prices in Thuy Van ward.

In Figure 6, the blue portion indicates a significant level of influence for that particular factor
and vice versa for the red color. The results obtained from conducting spatial analysis on each factor
concerning residential land prices, using the GWR model, reveal that the western area of Thuy Van
ward, bordering the center of Hue city and housing projects, exhibits notable characteristics. When
the concentration of blue is observed in the western region, it signifies the area favorable suitability
for business activities. Furthermore, factors such as cash flow and planning information contribute
to the influence on land prices. On the contrary, the eastern area of Thuy Van ward is affected by
the distance factor to the hospital because this area is quite far from the hospital and the greater the
distance to the hospital, the lower the land price will tend to be. The support of spatial analysis in
the GWR model is clearly an advantage in assessing the factors affecting land prices in terms of
surface space, which the OLS model does not provide.

5.  CONCLUSION

Research results have built two land valuation models, OLS and GWR, which are being
supported by GIS technology. The study analyzed the similarity of both models that have been
significant with the factors affecting land price, including area of the land; width of road attached
to the land plot; distance to the hospital; ability to generate cash flow; and planning information.
In the same vein, the level of explanatory significance of both OLS models and GWR are both
high, 78 % and 76 %, respectively. However, the results also show that the GWR model brings
about image results in terms of spatial analysis of factors, supporting in terms of factor evaluation
according to the spatial surface area.
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ABSTRACT

This paper presents the analytical results of the quantitative correlation of fracture orientation
distribution of 3016 measurements at 102 survey sites at three islands of Hon Lon, Hon Ngang
and Hon Mau belonging to Nam Du Archipelago Area in Kien Hai district, Kien Giang province
of Vietnam. The obtained analytical results have shown that the smallest correlation value among
survey sites on the Hon Lon island is 0.71 % and their highest correlation value is 0.98 %, between
the Hon Lon island and Hon Ngang island is 0.60 %, between Hon Ngang island and Hon Mau
island is 0.67 %. The analytical results of the quantitative correlation of fracture orientation
distribution between survey sites on the Hon Lon island and among these islands clearly reflect
the tectonic stress field caused rock deformation according to the compression directions: NE-SW,

NW-SE, sub-longitude and sub-latitude, suitable to regional tectonic conditions.

1. INTRODUCTION

A fracture domain is characterized by the volume of rock mass with similar properties:
orientation, trace length and spacing. Piteau and Russell, (1971) used the fracture orientation in
rock mass measured along a scan line to propose a cumulative sum technique to indicate the
location of structural domains. Miller, (1983) plotted the discontinuity orientations on a stereonet
as poles by using the lower-hemisphere Schmidt projection, then compared the stereonets with data
from different areas of the rock mass using a contingency table derived by the chi-square method.
Kulatilake PHSW etal., (1990) and Truong Thanh et al., (2021) analyzed the structural homogeneity
of rock masses. Mahtab and Yegulalp, (1984) subsequently divided the upper-hemisphere Schmidt
diagram into 100 quadrilateral squares of equal area to identify the structural domains. Dershowitz
etal., (1998) used fracture orientation and their frequency along a borehole to determine structural
domains. Martin et al., (2004) used the method of quantitative correlation of fracture distribution
to divide into structure domains at the EKATI Diamond Mine in northern Canada. Phi et al., (2012)
used the method for identifying structural domain boundaries along the tunnel. Li et al., (2015)
used the correlation coefficient to quantify the degree of similarity between two populations by
considering nine fracture parameters. However, they are not considered simultaneously. Truong
Thanh et al., (2015) delineated the fracture domain’s boundary along the borehole by using lower
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fracture correlation coefficients. Recently, Truong Thanh and Hong Thinh, (2018) used the method
of the fracture correlation coefficients among survey sites to determine the relationship between
the fracture domain and deformation phases on the Co To - Thanh Lan island in Quang Ninh

province of Vietnam.

2. METHOD

This study uses the correlation method to calculate the correlation coefficient of fracture
frequency distribution between two stereonet windows of two different survey sites. The calculation
is carried out based on the number of fracture poles in each cell on the stereonet window, which is
plotted on the lower hemisphere projection (Figure 1).

| Fracture Correlation Coefficient

Figure 1. Stereonet contour poles of two survey sites (two stereonet windows).

The calculation of the fracture correlation coefficient between two stereonet windows 1is
carried out by using Equation 1.

S (6, - X), - T)

R, y) === n (1)
sz—frfJ (0, -7y

i=1

Where: (x,, yl), (X, ¥2), ..., (X, yn) are n pairs of observations of a random sample of two
random variables X and Y; X and Y are the average values of a fractured number of two stereonet
windows, while x. is the fracture number which appears in each cell of the first stereonet window
and y.is the fracture number which appears in each cell of the second stereonet window.

The values of x, and y, can occur within 324 cells in each stereonet window if each cell
is divided into 10x10° according to the values of dip direction and dip angle. The correlation
coefficient expresses the strength of the association between the two variables from two stereonet
windows. These values always lie within (-1, 1) and they are independent of the magnitude of the
variables. If the correlation coefficient is -1, it means perfect negative correlation; if the correlation
coefficient is 0, it means no correlation; and if the correlation coefficient is 1, it means perfect

positive correlation.
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3. DATA
3.1 Fracture orientation collection on Hon Lon island

Fracture orientation collection on Hon Lon island at 63 survey sites is presented in Figure 2.
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Figure 2. Location map of survey sites for collecting fracture orientation on Hon Lon island.
3.2 Fracture orientation collection on Hon Ngang island

Fracture orientation collection on Hon Ngang island at 20 survey sites is presented in Table
1 and Figure 3.

Table 1. Locations and fracture number at survey sites on Hon Ngang island.

No Si;;ey Longitude | Latitude ljllilal;tl:l:: No S:li't‘;ey Longitude | Latitude 1:11;::1%1::
1 | HN-01 | 104.400159° | 9.670687° 92 7 | HN-14 | 104.400526° | 9.665553° 65
2 | HN-03 | 104.402259° | 9.674153° 92 8 | HN-15 | 104.400309° | 9.665320° 10
3 | HN-04 | 104.401826° | 9.674387° 102 9 | HN-16 | 104.396992° | 9.663853° 36
4 | HN-07 | 104.399126° | 9.672653° 107 10 | HN-18 | 104.396192° | 9.663903° 76
5 | HN-11 | 104.399703° | 9.675327° 89 11 | HN-20 | 104.395226° | 9.663970° 102
6 | HN-12 | 104.402076° | 9.672700° 64
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Figure 3. Location map of survey sites for collecting fracture orientation on Hon Ngang island.
3.3 Fracture orientation collection on Hon Mau island

Fracture orientation collection on Hon Mau island at 7 survey sites is presented in Table 2

and Figure 4.
Table 2. Locations and fracture number at survey sites on Hon Mau island
No Sul.‘vey Longitude | Latitude Fracture No Su?vey Longitude | Latitude Fracture
site number site number

1 | HM-01 [104.4005332°]9.63723952°| 103 2 | HM-03 [104.4030002°]9.63927347° 11

TR T, 4 TR
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Figure 4. Location map of survey sites for collecting fracture orientation on Hon Mau island.
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4. RESULTS
4.1 Quantitative correlation calculation of fracture orientation distribution

Quantitative correlation calculation of the fracture orientation distribution on the islands of
Hon Lon, Hon Ngang and Hon Mau, belonging to the Nam Du archipelago, is conducted at survey
sites on each island and among pairs of islands.

4.1.1 Quantitative correlation calculation of fracture orientation distribution at survey sites on
Hon Lon island

Quantitative correlation calculation of the fracture orientation distribution on Hon Lon
island is carried out by grouping adjacent survey sites into groups (Figure 5) and calculating the
quantitative correlation between them.

Figure 5. Map of groups of survey sites on Hon Lon island.

Accordingly, adjacent survey sites are grouped into groups and the quantitative correlation
calculation of fracture orientation distribution among them. On Hon Lon island, 63 survey sites are
grouped into 7 groups in order from I to VII (Figure 5). The results of the quantitative correlation
calculation of fracture orientation distribution among groups of survey sites on Hon Lon island and
between Hon Lon, Hon Ngang and Hon Mau islands are recorded in Table 3.

Table 3. Results of quantitative correlation calculation of fracture orientation distribution
between groups of survey sites on Hon Lon island and between Hon Lon, Hon Ngang and

Hon Mau islands.
titati lati o e .

Quantiative c?rre a. ton . Quantitative correlation of .

of fracture orientation | Correlation . . .. o .. |Correlation
No C e . No |fracture orientation distribution
distribution between values . values
. between groups and islands
groups and islands

1 |Group of I and II 0.902 6 | Group of VI and VII (0.883
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Quantitative correlation o .
. . . Quantitative correlation of )
of fracture orientation |Correlation . . . . o .. |Correlation
No P No |fracture orientation distribution
distribution between values . values
. between groups and islands
groups and islands
2 |Group of and 111 0.819 7 | Group of I and VII 0.985
3 |Group of Il and IV 0.713 8 |[Hon Lon and Hon Ngang islands 0.885
4 |Group of IVand V 0.726 9 |[Hon Lon and Hon Mau islands 0.602
5 | Group of V and VI 0.826 10 |Hon Ngang and Hon Mau islands 0.679

Table 3 shows that the correlation value of fracture orientation distribution among groups
on Hon Lon island varies from 0.7 to 0.98 %; between Hon Lon island and Hon Ngang island is
greater than 0.8 % and between the remaining islands is greater than 0.6 %. These results clearly
reflect the characteristics of tectonic activity in the area and their dependence on the number of
fracture orientations number obtained at each survey site on the islands.

4.2 The relationship between fracture orientations and tectonic characteristics in Nam Du
archipelago area, Kien Hai district, Kien Giang province

The Nam Du archipelago area, Kien Hai district, Kien Giang province, Vietnam, has a
complex geological development history with many phases of tectonic activity that occurred
during the Cenozoic period. The analytical results of the fault plane and striations at survey sites on
Hon Lon and Hon Ngang islands have identified four phases of tectonic activity in sub-longitude
direction compression, sub-longitude direction extension, sub-latitude direction compression, NE-
SW and NW-SE direction compression on Hon Lon island; NE-SW direction compression and
NE-SW direction extension on Hon Ngang island in magmatic rocks of the Hon Ngang formation.
The impact of the stress field in these directions has created fault zones that move right, left,
normal and reverse and fracture systems that develop in the sub-longitude direction, sub-latitude
direction, NE-SW and NW-SE directions. This result is also consistent with previous studies by
Phi Truong Thanh, (2018, 2019) in the northeast region of Vietnam.

The tectonic movement phases have formed fracture systems with high correlation values
between Hon Lon and Hon Ngang islands to be 0.885, Hon Lon and Hon Mau islands to be 0.602,
Hon Ngang and Hon Mau islands to be 0.679. The distribution of fracture systems on these islands
is clearly shown in the Rose diagram in Figure 6.

Hon Lon island Hon Ngang island Hon Mau island

Figure 6. Rose diagram of fracture systems on Hon Lon, Hon Ngang and Hon Mau islands.
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5. CONCLUSIONS

The results of calculating the distribution of fracture orientation at three islands, Hon Lon,
Hon Ngang and Hon Mau, belonging to the Nam Du archipelago, have been determined. The
correlation value varies from 0.6 to 0.9 %, corresponding to a range from 0.6 to 0.7 being 20 %,
from 0.7 to 0.8 being 20 %, from 0.8 to 0.9 being 40 %, the remaining from 0.9 to 1 to be 20 %. This
result shows that the fracture systems are formed by tectonic destruction phases of sub-longitude
compression direction, sub-longitude extension direction, sub-latitude compression direction, NE-
SW and NW-SE compression direction on Hon Lon island; NE-SW direction compression and
NE-SW direction extension on Hon Ngang island in magmatic rocks of the Hon Ngang formation.
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ABSTRACT

Land cover is important information for the management and monitoring environment
including disaster assessment in terms of flood, erosion, forest fire, landslide, and so on. Nowadays,
many machine learning methods have been used to map land cover. Scientists assessed Random
Forest (RF) to have more advantages than other image classification methods in its accuracy, its
flexibility, and it is an easy-to-use algorithm. Especially, the appearance of Google Colab has
brought the potential for RF in land cover classification. Google Colab allows researchers to
run Python code through the browser, which not only requires no installation to use or upgrade
computer hardware but also provides access free of charge to computing resources. Therefore
the research is to provide the approach RF with Google Colab environment for classifying land
cover in Quang Binh province, Vietnam using sentinel - 2 image in August 2021. The results have
indicated the ability of this research direction with an overall accuracy above 80 %.

1. INTRODUCTION

Land cover is the observed (bio)physical cover on the earth’s surface (FAO, 1998). It is
important information for the management and monitoring environment including disaster
assessment in terms of flood, erosion, forest fire, landslide, and so on. Many methods have been
used for land cover classification. Remote sensing is still an effective tool for studying land cover at
large scales (Friedl et al., 2010). Many commonly used open-access satellite imagery for mapping
land cover are Landsat (Yang and Lo, 2002; Yuan et al., 2005), Sentinel 2 (Majidi Nezhad et al.,
2019),...

Today, technological advances in storage and processing have enabled the creation of
innovative algorithms for remote sensing applications based on machine learning. One of the
most widely used algorithms is Random Forest (RF) (Breiman, 2001). It is the result of the
development of the decision trees algorithm. In the world, scientists have used the Random Forest
(Alonso Martinez et al., 2021; Gislason et al., 2006; Horning, 2010; Jin et al., 2018; Tokar et
al., 2018). (Tokar et al., 2018) used this algorithm for land cover classification of Landsat 8 and
gave an overall accuracy of 84,6 % and Kappa 0,808 for classes including cloud, water, urban
and grassland (accuracy more than 90 %), forests (accuracy nearly 75 %). (Kulkarni and Lowe,
2016) assessed Random Forest to have more advantages than other image classification methods
(Maximum likelihood, Minimum distance, Decision trees, Neural networks and Support Vector
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Machine) in accuracy, although they had the same training and testing sample.

In Vietnam, RF has started to be used recently (Le et al., 2022; Nguyen et al., 2018; Tran et
al., 2021). (Tran et al., 2021) established a land cover map for the study area of Ca Mau, Vietnam
with the application of RF and Sentinel 1 Radar, (Nguyen et al., 2018) approached RF in the R
software environment for classifying with Landsat 8. Therefore, it can be seen that RF has brought
the potential in land cover classification.

Especially, the appearance of Google Colab (GC) which runs entirely on the cloud platform,
allows researchers to execute code for image processing through the browser and is especially well
suited to machine learning (according to Google Research). However, only a few studies have used
GC (Lilay and Taye, 2023) for mapping land cover. Therefore, the research aims to provide the
approach RF with Google Colab environment for classifying land cover in Quang Binh province,
Vietnam using Sentinel-2 images.

2. STUDY AREA AND MATERIAL
2.1 Study area
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Figure 1. The study area.

Quang Binh province is in the North Central area of Vietnam with coordinates 16°55 to
18°05° North and 105°37’ to 107°00° East. It borders Ha Tinh province on the North, Quang Tri
province on the South, Laos on the West, and the East Sea on the East. The provincial terrain is
narrow and sloping from the West to the East. The area is divided into specific zones: 85 % high
mountainous area and hill in the West, while the remaining is plain and coastal sandy area in the
East of the province. The seaside sand dunes belt is a natural dam that protects the land from ocean
tides (according to Quang Binh Portal).

2.2 Data resources

The study used Sentinel-2 (S2) with cloud cover of less than 30 % in August 2021.

76 International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth
and Allied Sciences 2023

S2 Multispectral Instrument (MSI) is a European wide-swath, high-resolution, multi-spectral
imaging mission. The full mission with twin satellites flying in the same orbit but phased at 180°,
is designed to give a high revisit frequency of 5 days at the Equator. The orbital swath width is 290
km. S2 carries an optical instrument payload that samples 13 spectral bands: Four bands at 10 m,
six bands at 20 m and three bands at 60 m spatial resolution (ESA). The characteristics of the S2
are presented in Table 1.

Tab 1. The characteristics of Sentinel-2.

Band Number Pixel Size Description

B1 60 meters Aerosols

B2 10 meters Blue

B3 10 meters Green

B4 10 meters Red

B5 20 meters Red Edge 1

B6 20 meters Red Edge 2

B7 20 meters Red Edge 3

B8 10 meters Near infrared (NIR)
B8A 20 meters Red Edge

B9 60 meters Water vapor

B10 60 meters Shortwave infrared/Cirrus
B11 20 meters Shortwave infrared 1(SWIR 1)
B12 20 meters Shortwave infrared 2 (SWIR 2)

Source: https://sentinels.copernicus.eu

3. METHODOLOGY
3.1 Google Colab

The study used Google Colab (GC) in land cover classification. Google Colab (short for
Colaboratory) is a powerful cloud platform and is based on the Jupyter Notebook open-source

environment. It is designed to help scientists work more efficiently, especially in machine learning
fields.

Google Colab allows researchers to run Python code through the browser, which not only
requires no installation to use or upgrade computer hardware but also provides access free of
charge to computing resources. They are also the advantage of GC.
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Figure 2. Google Colab Interface.
Google Colab ingrates Python with a full of popular and pre-installed data science libraries for

data analysis and visualization. Python is an interpreted, object-oriented, high-level programming
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language. It is assessed as simple, easy to learn and mostly applies on many different platforms.

Generally, Google Colab is appropriate for people who need to work with multiple devices,
for instance, computers or laptops, tablets, and even work in many places such as home, office,...
because it has the ability to sync seamlessly between devices.

3.2 Random Forest

Random forest is one of the most popular supervised machine-learning algorithms which can
be used to solve both classification and regression issues. Random forest is a combination of tree
predictors such that each tree depends on the values of a random vector sampled independently and
with the same distribution for all trees in the forest (Breiman, 2001). Theoretically, a forest obtains
numerous trees, and the more trees more it will be stronger. Thus, one of the major advantages
of RF is that it comprises a great number of trees leading to high accuracy and preventing the
problem of overfitting. Feature bagging also makes the Random Forest classifier an effective tool
for estimating missing values as it maintains accuracy when a portion of the data is missing (IBM).

With random forest classification, decision trees are created by using different random
subsets of the given data and features. Each tree will provide its prediction to classify the data. RF
is based on the majority votes of predictions and takes the most popular result to the final output.

The below diagram illustrates how the Random Forest algorithm works.
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Figure 3. Random Forest.
Source: https://www.javatpoint.com/machine-learning-random-forest-algorithm
There are 4 steps:
Step 1: Select random samples from a given data

Step 2: Construct a decision tree for every sample and get the prediction result from every
decision tree.

Step 3: Perform the votes for every predicted target
Step 4: Choose the most voted prediction result as the final prediction result.

Random forest algorithms have three main hyperparameters which need to be set before
training. They are node size, the number of trees, and the number of features sampled.

3.3 Image Processing and Classification

Firstly, we installed and imported some libraries and maps in Google Colab such as Numpy,
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Geemap,... Because Google Earth Engine platform has provided a large of remote sensing imagery,

so we used it to import Sentinel-2 for this study.
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Figure 4. Set time and cloud coverage, select the study area and Sentinel-2.

Then, a set of Sentinel-2 images was filtered in August 2021 with less than 30 % cloud
coverage (Figure 4). A cloud mask was applied using the “probability” band. The composite
images were created by determining the median values of each pixel (in all bands) in the images.

The final image was clipped within the study area boundary.

Besides, adding spectral indices can increase the information and improve the results of
the classification (Pratico et al., 2021). Therefore, two indices NDVI (Normalized Difference
Vegetation Index) and NDWI (Normalized Difference Water Index) were used in the study and
added as bands in images. NDVI is a simple index but it can help recognize the difference between
the forest and cropland (Tran et al., 2022). The NDVI is calculated as formula (1) (Tucker, 1979).
While NDWTI is used to highlight water bodies against the soil and vegetation: positive values for

water features and negative ones (or zero) for soil and vegetation (McFeeters, 1996).

NIR — RED

NDVE = SR ¥ RED (1
GREEN — NIR

NDWI = CREEN + NIR @)

Where RED, GREEN and NIR stand for the spectral reflectance measurements acquired in

the red, green and near-infrared bands.

We used Random Forest for land cover classification in Quang Binh. Sample data for 5
classes: Forest, Cropland, Fallow, Waterbody, and Build-Up were created based on the geodatabase
of the study area, visually integrating information from Bing Map, Google Satellite, Sentinel-2 in
QGIS software. They were divided randomly with 80 % for training and 20 % for validation. For

each class, we assign a number to the property named ‘landcover’.

Figure 5 presents code for RF method with a tree number of 300 and bands used for the
classification (band 2, band 3, band 4, band 8, NDVI and NDWTI at 10m spatial resolution).
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Figure 5. Random Forest code in Google Colab.

4. RESULTS AND DISCUSSION

Google Colab allows displaying results in its interface via Geemap.
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Figure 6. a) Sentinel-2 (True RGB color), b) Dislay results in Google Colab.
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Figure 7. Land cover of Quang Binh province in Google Colab.
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Figure 7 shows the land cover of the study area in August 2021 with 5 classes: Forest,
Cropland (also known as Agricultural land), Fallow (including Sand, Barren Land), Waterbody,
and Build-Up (also including Resident/homestead land). Generally, most of the forest area was
concentrated in the west of Quang Binh province, and part of the forest was in the coastal area
in the east. With the large forest area in the west, there is a famous forest Ke Bang within Phong
Nha-Ke Bang National Park which was recognized as a World Natural Heritage Site by UNESCO
in 2003. In addition, other land cover was scattered throughout the entire area and the eastern area.
Fallow, especially sand, was distributed in the coastal area. The water bodies contain rivers such
as Gianh, Nhat Le,... and numerous ponds.

Finally, the result of the classification is evaluated.

- Overall Accuracy (OA): OA is calculated by dividing the sum of the number of correct
classifications (the diagonal of the matrix) by the total number of samples taken (Story et al., 1986).

- Producer’s Accuracy (PA): is calculated by dividing the number of correctly classified
reference points by the total number of reference points for that class.

It corresponds to the map accuracy from the point of view of the map maker. It represents
how often real features on the ground are correctly shown on the classified map or the probability
that a certain land cover of an area on the ground is properly classified (Alonso Martinez et al.,
2021).

- User’s Accuracy (UA): is computed by dividing the total number of classified pixels that
agree with the reference data by the total number of classified pixels for that class. This value
represents the reliability of the map or the probability that a pixel classified into a given category
actually represents that category on the ground (Alonso Martinez et al., 2021).

- Kappa Coefficient: It is generated to evaluate the accuracy of classification. It compares
the accuracy obtained in the classification to the accuracy that would be obtained randomly. A
negative number indicates the classification is significantly worse than random. A value close to 1
indicates that the classification is significantly better than random.

Table 1 shows the results of the accuracy assessment including the Consumer’s accuracy and
the Producer’s accuracy of each class in the land cover. Besides, the overall error (OA) = 86.7 %,
Kappa =0.8.

Table 2. Accuracy of Land cover classification result.

Class UA (%) PA (%)
Forest 75 88.2
Cropland 85.3 78.3
Fallow 81.8 99
Waterbody 75 99
Build-Up 94.2 89.1

The UA and PA of cropland were lower than others. The main reason is that, in the image

of the study area, pixels distinguished between Cropland, Forest, and a part of Water were quite

similar. Therefore, this study used NDVI to add in Random Forest algorithm, helping to improve

the accuracy of results (above 75 %). Water bodies were recognized with high accuracy due to
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adding NDWI. The OA above 80 % and Kappa coefficient above 0.8 show that the result of
classification is generally good with Sentinel-2 and Random Forest.

Unlike other similar studies based on commercial software, Google Colab has brought the
point of novelty of our research in this field. It is an effective tool because it allows users to run
Python in the browser without the need for complex configuration, and the results were obtained
in a short time.

5.  CONCLUSION

In this study, based on the Sentinel-2 and Random Forest Algorithm, 5 classes of land
cover were classified in Quang Binh province in 2021: Forest, Cropland, Fallow, Waterbody, and
Build-Up. The accuracy of classification is generally high. Furthermore, the study also indirectly
highlights how the possibility of exploiting the potential of Google Colab in this field. The problem
is the time limit of free Google Colab sessions, the internet connection and the limited availability
of data. Therefore, the improvement in this direction will bring outstanding results. Future research
will apply different remote sensing imagery, more spectral indices, and other data such as DEM in
land cover classification.
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ABSTRACT

Nowadays, drought is regarded as one of the most destructive natural disasters which causes
negative impacts on societies around the globe. Especially in Binh Thuan province - Vietnam, the
drought tends to increase in both scale and intensity, but it is harder to forecast. In recent years, with
the development of remote sensing technology, its products have been used effectively in studying,
monitoring and reacting to drought. Thus, in this study, we aim to determine the progress of drought
through the years in Bac Binh district - Binh Thuan province by using remote sensing images. In
detail, we use images from Landsat 7 ETM~+ (2002, 2005, 2010) and Landsat 8 OLI (2014 and 2017)
to estimate dryness indices: temperature vegetation dryness index (TVDI) and improved temperature
vegetation dryness index. These two dryness indices are based on normalized difference vegetation
index (NDVI) and land surface temperature (LST) for TVDI and gradient of temperature (1s-1a)
for iTVDI. The obtained results show that almost Bac Binh's area is estimated to have medium and
higher drought risk and its severe drought areas increased rapidly in 2014 and 2017. High drought-
risk areas are found mostly in agricultural or non-vegetated areas in the center of Bac Binh.

1. INTRODUCTION

Drought is regarded as a natural phenomenon that has serious effects on the economies and
societies of most countries worldwide. Also, drought stands third in the list of the most destructive
natural disasters, such as floods and storms. Especially, drought events tend to increase in both
scale and intensity in recent years and it is more difficult to predict the impact of climate change.
In Vietnam, most of the areas are suffering from drought at different degrees at different times.
Nevertheless, the situations in the middle areas of Vietnam and Tay Nguyen regions are the worst,
where severe droughts occur more frequently and cause damage to the local economy, society and
agriculture production.

Assessing drought probability for agricultural areas in Africa with coarse resolution remote
sensing imagery study used the per-pixel Vegetation Health Index (VHI) from the Advanced Very
High-Resolution Radiometer (AVHRR) averaged over the crop season as the main drought indicator.
After that, the per-pixel average VHI was aggregated for agricultural areas at the sub-national level
to obtain a drought intensity indicator (Rojas, Vrieling & Rembold, 2011) often with devastating
consequences for the food security of agricultural households. This study proposes a novel method
for calculating the empirical probability of having a significant proportion of the total agricultural
area affected by drought at sub-national level. First, we used the per-pixel Vegetation Health Index
(VHI. Nevertheless, the main data in this study (NOAA AVHRR) are 16 km resolution (for VHI
data) and 8 km (for the Normalized Difference Vegetation Index) resolution, so the estimation of
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results will be affected if a study area is a small one.

In another study of monitoring meteorological drought in semi-arid regions using multi-
sensor microwave remote sensing data using the Microwave Integrated Drought Index (MIDI)
by integrating three variables, including Tropical Rainfall Measuring Mission (TRMM) derived
precipitation, Advanced Microwave Scanning Radiometer for EOS (AMSR-E) derived soil
moisture and AMSR-E derived land surface temperature. The results showed that MIDI with
proper weights of three components outperformed individual remote sensing drought indices and
other combined microwave drought indices in monitoring drought (Zhang & Jia, 2013). In this
study, the Land Surface Temperature and soil moisture are not entirely independent according
to the LPRM algorithm (Liu et al., 2010; Owe et al., 2008). Further studies using independent
datasets of MIDI components derived from different algorithms or sensors are needed and will be
included in subsequent studies.

Droughts often occur on a large scale. Therefore, observing and studying by using in situ
stations is not an effective method, as the installation of the stations can be very costly. Meanwhile,
remote sensing technology provides information about the earth’s surface in different bands and
has a fair spatial and temporal resolution that is then useful for drought study. In the past few
years, many studies have been conducted about the application of remote sensing using a thermal
infrared band that estimates land surface temperature and soil moisture to evaluate droughts.
In Vietnam, some researchers working in this area used thermal images from MODIS, NOAA/
AVHRR. However, because of the coarse spatial resolution of MODIS and NOAA/AVHRR, it is

not suitable for some specific studies.

In this study, we used the thermal infrared LANDSAT images to evaluate drought risk in Bac
Binh - Binh Thuan which the resolution is 30x30 m. These data will provide information in more
detail about changes in the land surface compared to MODIS and NOAA/AVHRR images.

2. STUDY AREA AND DATASETS
2.1 Study area

Bac Binh is one of two districts in Binh Thuan province which has the highest land
degradation and desertification risk in Vietnam. Because of its natural climate and topography,
Bac Binh district annually suffers from severe droughts.

According to statistical data at Bau Trang station from 1960 to 2010, the annual average
rainfall in Bac Binh is between 700 to 1000 mm, only occurs in the rainy season (from May to
October), while in the dry season (from November to April), the amount of rainfall is low. With
Tuy Phong district in Binh Thuan, Bac Binh was also predicted as the highest drought risk area in
Binh Thuan (Grade 4 - Meteorology index). In recent years, the causes of climate change and the
effects of negative activities from people have made drought situations in the South-Central coast
as well as Binh Thuan province become even more serious. Drought events usually occur in the
dry season but also in the rainy season. That problem has affected production activities as well as
the lives of people who live there. Therefore, applying remote sensing data to monitor and cope
with a drought becomes signification.
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Figure 1. Study area boundary of Bac Binh district in Binh Thuan, Vietnam.

2.2 Datasets

Remote sensing data used in this study include Landsat 7 ETM+ (5" January 2002, 13
January, 12" February 2010) and Landsat 8 OLI (15" February 2014, 23" February 2017).
Figure 1 shows the study area boundary which is performed in this study. Images were taken in
the dry season, which was a high drought in the central area and highlands of Vietnam. MODIS
images will be used to compare temperature distribution between Landsat’s temper images and
MODIS images. The respective MODIS images include 5" January 2002, 13" January 2005, 12®
February 2010, 15" February 2014 and 23" February 2017 to validate the temperature images.
Because of the different time periods, the two types of images have different limitations.

The resolution of the data is 30%30 m for all of the bands. Actually, the thermal infrared bands
with Landsat 7 ETM+ at the 60-meter resolution and Landsat 8 OLI at the 100-meter resolution.
However, they were resampled to 30 meters in delivered data product after 25" February 2010.
Especially, Landsat images are provided totally free for a period of 16 days, so these images
become precious and important data for studying the natural environment and monitoring the

environment.

Ambient air temperature from 6 meteorological stations for the period years 2002-2014 was
used for this retrieving T -T_maps. Temperature data were interpolated using the smart interpolation
method (Willmott and Matsuura, 1995). For using this method, sixteen Radar Topography Mission
(SRTM) DEM images (30 m) of the study area were obtained from Global Land Cover Facilities
(GLCF). Considering the general value of the lapse rate (0.6 °C/100 m) is inaccurate and may
differ in different places and different months, in this research, environmental lapse rates were
calculated using linear regression between air temperature and elevation in each month for available
meteorological stations (Rahimzadeh-Bajgiran, Omasa and Shimizu, 2012).
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3. METHODOLOGY
3.1 The Temperature Vegetation Dryness Index

Many studies around the world have shown that land surface temperature and vegetation
index are important factors that can provide information about surface moisture. Temperature
can quickly increase when the surface is drought or vegetation does not have enough water. In
this study, we use a temperature vegetation dryness index (TVDI) to estimate the surface drought
grades based on the study of Saldholt I in 2002 (the relationship between surface temperature and
vegetation cover). The temperature vegetation dryness index is estimated by the equation below:
T -T

T (1)

s max smin

TVDI =

where: T is the surface temperature of a pixel; T ., T are the minimum and maximum surface

in> ~ smax

temperature and both of them are the linear functions of the vegetation index

T;'max = amax X ND VI + bmax
)
T;min = amin x ND VI + bmin
where a_ ,b_ = linear regression parameters for dry edge; a_, b _. = linear regression parame-

ters for wet edge.

Theoretically, the scatter plot formed by vegetation index and land surface temperature
should be like a triangle (Figure 2). The upper edge of the triangle is defined as a dry edge, while
the lower one is a wet edge. Pixels close to the dry edge are comparatively drier, while those
close to the wet edge are wetter. The position of the pixel in the scatter plot defines its moisture
condition. Thus, the core issue of the triangle method is to calculate the ideal dry edge and wet
edge. In previous research, people only calculate the dry edge while considering the wet edge as
a horizontal line, but in real situations, the wet edge may not be horizontal but a little oblique.
In this paper, a linear function is applied to both the upper and lower envelope of the triangle to
calculate the dry edge and cold edge, respectively (Han, Li, Wang, Liu and Jiao, 2004). The higher
the TVDI, the higher the drought risk the area can be. In the dry edge, the TVDI equals 1, while in
the wet edge, the TVDI equals 0 (Figure 2).
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Figure 2. The triangle temperature T/NDVI (or Ts-Ta/NDVI).
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To determine the surface temperature, the original values from the Landsat image transfer to
the real value of electromagnetic radiation (Wm™ um-2).

For Landsat 7, ETM+ spectral radiance is calculated by using the equation below:

L —L
L — max min D _DN ) L .
A DN —DNmin ( mm)+ min (3)

max

where, L, is spectral radiance; L_ ,
DN . in the thermal infrared band and are provided in the metadata file of Landsat images.

L . are spectral radiance correspondence with DN and
min max

For Landsat 8 OLI, spectral radiance is determined by using the equation:
L/l = ML 'Qcal + AL (4)
where, M|, A, are conversion coefficients that are provided in the metadata file of Landsat 8;

Q_, 1s band values.

The brightness temperature is calculated from the spectral radiance as the equation:
K 2

ln[l + Klj )
Lﬂ

where, K and K, coefficients are provided in the metadata file of Landsat.

T, =

Brightness temperature is validated based on surface emissivity to determine the land surface

temperature as the equation:

T
LST = K

1+(1'TB]*lng (6)
Yo,

where, A is the average wavelength value in the thermal infrared band,

p= EWith o is Stefan - Boltzmann constant (o =1.38%107 J /K )

o
h: Plank constant (4 = 6.626*0 * J.sec)
c: bright velocity (¢ =2,998*0 * m/s)
€: surface emissivity

The surface emissivity can be determined from remote sensing data based on the kinds of
vegetation covers or the normalized difference vegetation index (NDVI). However, the method
bases on the NDVI index has advantages caused this method can be determined by each pixel. To
estimate the surface emissivity, this study uses a method of Valor E., Caselles V that, based on the
NDVI, applies to heterogeneous areas with many kinds of vegetation. In this method, the surface

emissivity of each pixel is calculated by the sum of its component emissivity.
e=¢P,+¢(-P) (7)

where, ¢, ¢ are emissivity that represents the hot and cold pixels. A hot pixel is regarded as the
location of a dry and non-vegetated (or sparsely vegetated) area and a cold pixel is a well-watered,
healthy and fully vegetated area. P is a value that equals 0 for the vacant land area and equals 1
for the full vegetation area. P is determined by the equation:
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e=¢P+¢(-P) (8)

where, NDVI is the observed normalized difference vegetation index and it can be defined as:

2
NDVI - NDVI_.
} )

"~ | NDVI_. —NDVI__

max

where, p . is the near-infrared band reflectance and p_, is the red band reflectance. In this study,
NDVI was calculated using LANDSAT-7 ETM+ Band 3 (the red band) reflectance, Band 4 (the
near-infrared band) reflectance and LANDSAT-8 OLI Band 4 (the red band) reflectance and Band
5 (the near-infrared band) reflectance.

3.2 The improved Temperature Vegetation Dryness Index

A modified approach towards the Temperature Vegetation Dryness Index (TVDI) concept,
incorporating air temperature and a Digital Elevation Model (DEM) to develop the improved
TVDI (iTVDI), is also estimated and the results are compared with the original TVDI.

As it is assumed that the main source of variation in the TVDI is soil moisture, air
temperature is not considered in the model, which may increase the uncertainty of the TVDI
for larger areas and higher NDVI values (Sandholt et al., 2002). An inherent assumption when
applying the TVDI is that Ta is constant for the subset or window over which the index is
estimated. A typical error in studies based on the TVDI is that this assumption is violated in
selecting too large an area. On the other hand, when using the TVDI to estimate soil moisture
status, heterogeneity of the earth’s surfaces increases the uncertainty of the TVDI to estimate soil
moisture. Therefore, the TVDI should ideally only be applied in regions with little topography.
To correct the effect of topography, Ran et al., (2005) used an approach to correct Ts with a DEM
before constructing the AVHRR Ts/NDVI space. Hassan et al., (2007) proposed a correction
method to use a DEM to infer local pressure from altitude and then transform surface temperature

to potential temperature.

Air temperature decreases as altitude increases, a phenomenon known as the environmental
lapse rate. Therefore, a Digital Elevation Model (DEM) of the study area has also been used to
calculate the lapse rate to improve the performance of the index to estimate evapotranspiration
at different altitudes in each specific month. The new index, hereafter called the improved TVDI
(iTVDI) is calculated using the below equation and is schematically presented in Figure 2.

Pnir ~ Prep
NDV] = 88 =22
Prir + Prep (10)

where, AT, is observed Ts-Ta and Ta are observed air temperature calibrated using DEM.
AT,

and AT, _are the minimum and maximum AT, respectively, for the same vegetation index
value (here the NDVI). AB and BC are the distances represented in Figure 2, between the dry edge
and wet edge in the AT vs. NDVI scatter plot as described by Sandholt et al. (2002). The iTVDI

is lower for wet and higher for dry conditions and similar to the TVDI, varies between 0 and 1.
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4. RESULTS AND DISCUSSIONS
4.1 Determining the corresponding parameters

4.1.1 The Normalized Difference Vegetation Index (NDVI)

Figure 3. NDVI maps for Bac
Binh district (Binh Thuan)
in 2002(a), 2005(b), 2010(c),
2014(d) and 2017(e).

To estimate the emissivity based on NDVI, we need to know the emissivity of the hot and cold
pixels. Many former types of research took these emissivities by getting the result of experimental
measurement in representative samples. However, in this study, the condition does not allow us to
conduct the measurements. Instead, we get the values from another report that has been done with
the measurements in the same area. The values of NDVI for a hot and cold pixel are 0.127 and
0.515. Using the Van De Griend method, the emissivity for a hot and cold pixel can be estimated
by the following equation:

€=1.0094 + 0.047In(ND V1) (7)
4.1.2 The Land Surface Temperature (LST)

The results of land surface temperature in the area of Bac Binh district (Binh Thuan) are
presented in Figure 4. Through these results, it is clear to be seen that there are some areas with high
temperatures, which are found mainly in the non-vegetated regions. The differences in temperature
between vegetable areas and non-vegetable areas are significant, with 24.45, 28.78, 28.56, 25.56,
18.00 degree in the year 2002, 2005, 2010, 2014 and 2017, respectively.
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Figure 4. The land surface
temperature of Bac Binh
district (Binh Thuan) in
2002(a), 2005(b), 2010(c),
2014(d) and 2017 (e).

4.1.3 Comparision of Land Surface Temperature between Landsat image and Modis image

The Land Surface Ttemperature (LST) calculated from the Landsat image is compared to
the product of MODIS. Due to the different resolutions of the two images (Landsat and Modis),
Landsat’s LST is downscaled. The value of pixels is scattered on a two-dimensional space. Figure
5 shows the relationship between the values of the two temperature images from 2002 to 2014.
The correlation coefficients (R?) are relatively low (< 0.15). This is because of the downscaling and
there is a difference between the calculated time of the two images, Landsat and Modis. However,
one thing to note is that, in general, the temperature calculated from the Landsat image is 5 °C
lower value compared to the Modis image.
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Figure 5. Comparison of LST between Landsat image and Modis image in 2002(a), 2005(b),

2010(c) and 2014(d).

4.1.4 The observed Ts-Ta temperature

Figure 6. The Ta of Bac Binh district (Binh Thuan) in 2002(a), 2005(b), 2010(c) and 2014(d).

Using the DEM image with 30%30 meters resolution (Digital Elevation Model) to calibrate
the observed air temperature Ta, after that, the land surface temperature is used to calculate the Ts-
Ta. To correct the effect of topography, we used Ts-Ta to consider local pressure from altitude and
transform surface temperature to potential temperature.
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4.1.5 The maximum and minimum temperature in the relationship of NDVI/LST or Ts-Ta

To determine the dry edge of the relationship between LST and NDVI as well as Ts-Ta (A7)
and NDVI, in this study, we divided the NDVI into 15 segments and determined the maximum
temperature at these segments.

Figure 7 shows the results of the scatter diagrams between the land surface temperature
and the Normalized Difference Vegetation Index by years from 2002 to 2017 to determine the
equations of dry edge and wet edge. The details of these equations are in Table 1. Similarly, with
the LST/NDVI, the triangular shapes of AT/NDVI relationship are shown in Figure 8 and the
equations of AT and AT presented in Table 2.

These results show that surface temperature decreases with increasing vegetation cover
when the trapezoid shape can change to a triangular shape, according to lots of remote data. For a
heterogeneous surface, the temperature is an indicator of surface energy fluxes partitioning rather
than an indicator of soil moisture. Thus the warm edge is more likely to represent limiting values
for surface evaporation rather than a purely dry soil surface. Within each type of land surface, the
warm edge of the triangle is the lower bound of evapotranspiration and the upper bound of vegetation
foliage temperature. The cold edge of the triangle is the upper bound evapotranspiration when actual
evapotranspiration is equal to potential evapotranspiration in some range near the cold edge.
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Table 1. The dry edge and wet edge (LST/NDVI) for the years 2002, 2005, 2010,
2014 and 2017.

Year LST (K% LST . (K°)

2002 -27.8631 NDVI + 321.8861 -8.9040 NDVI + 298.6472
2005 -24.1558 NDVI + 322.3543 -8.9730 NDVI +299.0820

2010 -9.9723 NDVI +322.9200 -8.9609 NDVI +305.8564
2014 -14.8577 NDVI +320.1936 -12.7504 NDVI +303.0350
2017 -16.5339 NDVI +309.2286 -1.4143 NDVI +289.9726
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Figure 8. The triangle temperature Ts-Ta/NDVI in 2002(a), 2005(b), 2010(c) and 2014(d).
Table 2. The dry edge and wet edge (Ts-Ta/NDVI) for the years 2002, 2005, 2010 and 2014

Year AT, (K°) AT, . (K°)
2002 -24.4810 NDVI + 24.3367 -6.8970 NDVI + 2.9584
2005 -21.9738 NDVI + 26.4341 -5.8838 NDVI +3.3268
2010 -4.4785 NDVI + 23.0267 -7.4154 NDVI + 6.5539

2014 -12.6023 NDVI + 22.9592 -6.9774 NDVI + 5.8902

4.2 Estimating the TVDI and iTVDI

The TVDI or iTVDI values range from 0 to 1. We classified the levels for temperature
vegetation dryness index, which is shown in Table 3. In particular, the TVDI or iTVDI values,
which are smaller than 0.2, represent the no drought risk area (well-watered, healthy and fully
vegetated agricultural land). If the value lies between 0.2 and 0.4, the area will have a low risk
of drought (forest area). For the next 2 segments (0.4 - 0.6 and 0.6 - 0.8), the areas are regarded
as medium drought risk and drought risk areas. If the TVDI is larger than 0.8, this area will have
severe drought risk.

Table 3. Classification of the drought risk for the TVDI map

No. TVDI/ATVDI values Drought grade
1 0-02 Not drought
2 0.2-04 Light drought
3 0.4-0.6 Medium drought
4 0.6-0.8 Drought
5 0.8-1 Severe drought

Source: (Trinh Le Hung, 2015)
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4.2.1 The Temperature Vegetation Dryness Index (TVDI)
The classified TVDI maps for Bac Binh district (Binh Thuan) based on LST and TVDI are

shown in Figure 9. As a result, it is clear to be seen that a large area of Bac Binh district is regarded
as having medium and higher drought risk and concentrated in the centre part of the area. Areas
with low drought risk are located mainly in the north of Bac Binh. In fact, this is a hilly area
covered with forest.

Table 4 shows the proportions of each classified drought risk area by TVDI and iTVDI. It
can be seen that the Drought and Severe Drought areas account for about 40 to 50 %. Although this
proportion tended to remain constant (from 46.22 % in 2002 to roughly 47 % in 2017), the change
is significant, moving from Drought to Severe Drought. In other words, the intensity of drought
in Bac Binh rose through time. This can be clearly seen in the results of TDVI in 2014 and 2017
when the proportions of severe drought risk areas soared up to 17.18 % in 2014 and 14.77 % in
2017 compared to less than 0.3 % in the former years.

Figure 9. The classified TVDI
maps for Bac Binh district
(Binh Thuan) in 2002 (a),
2005 (b), 2010 (c), 2014 (d)

and 2017(e).

4.2.2 The improved Temperature Vegetation Dryness Index (iTVDI)

The outcomes of iTVDI from 2002 to 2014 are presented in Figure 10. Overall, in terms
of dryness trend, the iTVDI has the same results as the TVDI. The area is classified as Drought
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and Severe Drought, mainly found in the center of the area and the level of drought has increased
sharply since 2014. However, compared to TVDI results, the value of iTVDI is lower. Percentage
of Drought and Severe Drought range from 20 - 40 %. This number in 2002 is only 5 %.

A comparison between the histogram of the 2 dryness indices images from 2002 to 2014 is
shown in Figure 10. These figures show that the shapes of histograms are similar. However, the
iTVDI value is shifted to the lower value domain compared to TVDI. This, again, confirms that
the iTVDI, with the use of air temperature collaborated with DEM, has reduced the value of the
dryness index over the years.

Figure 10. The classified iTVDI maps for Bac Binh district (Binh Thuan) in 2002 (a), 2005
(b), 2010 (c) and 2014 (d).

Table 4. Proportions of each classified drought risk area (Bac Binh).

Areas (%)

Year No drought Low drought | Medium drought Drought Severe drought

TVDI | iTVDI | TVDI | iTVDI | TVDI | iTVDI | TVDI | iTVDI | TVDI | iTVDI

2002 | 0.99 6.81 9.60 | 37.18 | 4320 | 50.47 | 45.66 | 5.49 0.56 0.06

2005 | 2.45 6.08 16.38 | 26.46 | 2897 | 4691 | 4998 | 2042 | 222 0.12

2010 | 1024 | 394 | 27.29 | 3650 | 28.10 | 29.70 | 31.26 | 26.87 | 3.11 2.98

2014 | 2.28 6.82 | 22.66 | 2838 | 2699 | 2578 | 30.89 | 29.23 | 17.18 | 9.80

2017 | 591 28.78 27.28 23.27 14.77
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5. CONCLUSIONS

In conclusion, this study conducted a drought assessment in Bac Binh, Binh Thuan, Vietnam,
using TVDI and iTVDI. The results of surface temperature calculations are compared with the
results from the MODIS image to check the accuracy of the calculation. The results of the drought
assessment from 2002 to 2014 by the TVDI and iTVDI indices indicate that the area of significant
area is at high risk of severe drought and drought. The study also compared the two drought indices
and found that TVDI tended to have a higher drought rating than the iTVDI.

There are some limitations to the study. The comparison of land surface temperature between
Landsat and Modis images for the correlation coefficient is not high due to the downscaling Landsat
image. Another issue is that the drought index changed significantly from 2010 (Landsat 7) to 2014
(Landsat 8) in both indices. There is, therefore, a need to study whether this change is due to the
difference between the two satellites’ images or, indeed because the drought rate in the study area
has increased.
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ABSTRACT

The archive of multispectral images that comprise various spectral wave ranges provides a
high potential for land use and land cover classification. This strength has been commonly used
to trace land use in the past. In Thailand, it also has been used as legal evidence that can help
in considering the possession right of the land or determine the encroachment on land. However,
the critical period for judgment has only black-and-white images available. In this study, deep
learning techniques to simulate the color channels of a grayscale image are adopted. Then, object-
based image analysis is used to classify land use, both colorized images from deep learning and
the original black-and-white image, to evaluate the capabilities of colorized images for land use
classification. This study uses aerial photographs from the WWS project in 1954, Maha Sarakham
province. The project has been used to prove the possession right by considering traces of land
use for consideration of the issuance of title deeds, but it has only a black-and-white image
available. In addition, this study also compares techniques of land use classification between
pixel-based and OBIA techniques with colorized images to determine the most suitable method of
land use classification. As a result, land use classifications on colorized images showed significant
improvements in overall accuracy over grayscale images at +5.02 %. The study reveals that
colorized images outperform grayscale images in land use classification using the OBIA technique.
It can reduce confusion between cropland and nature shrubs, and this can be implemented in

proving the right for encroachment on land or consideration about issuing title deeds in Thailand.

1. INTRODUCTION

Land title deeds are vital documents that can be used to confirm land ownership and transfer
history. In Thailand, the Department of Lands operates and verifies the right of ownership of land
and other land-related processes (Williamson, 1983). One of the Department of Land’s tasks is to
investigate and verify the right of ownership when the land has a disputed area or claims ownership
from people. Thus, the inspection to certify land ownership needs to use the interpretation of the
aerial photography technique with historical aerial photographs to help consider the trace land use
scientific proof. However, the present technology utilized in operations frequently confronts issues
with operational reliability and complications that cause delays (Entwisle et al., 1998). Also, most
historical aerial photographs in Thailand that are used to interpret trace land use in the past are

International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth 99
and Allied Sciences 2023


http://dx.doi.org/10.15625/0866-7187/36/1/4145
https://doi.org/10.1016/S0034-4257(01)00274-7
mailto:sarawutn@ait.ac.th

black-and-white. The absence of spectrum information in this historical aerial photography is a
limitation in classifying land use, which seriously needs spectral data for the divide of segmenting
land use type (Poterek et al., 2020). Currently, there are attempts to improve the image interpretation
capability from grayscale images, such as legacy aerial photographs. Image colorization now
popularly uses deep learning due to the image-to-image interpretation strategy and proves that
numerous computer vision and image processing methods work (Zeger et al., 2021). Moreover,
it efficiently enhances land cover classification performance (Farella et al., 2022; Poterek et al.,
2020). In the past, land use classification was usually divided by land use using a pixel-based
technique (Enderle and Weih, 2005). The pixel-based technique analyzes the spectral properties
of a pixel entity but ignores spatial or contextual information. With higher-resolution imagery,
this could improve land use classification accuracy (Weih and Riggan., 2010). The possibility of
creating a fully automated classification procedure that would exceed the effectiveness of pixel-
based methods in the recent (Blaschke et al., 2000; Csath¢ et al., 1999). The object-Based Image
(OBIA) technique uses image segmentation and feature extraction to manage class complexity and
categorize land use (Hossain and Chen, 2019). Although high-resolution satellites represent fewer
pixel sizes, they bring about pixel-based classification less effective (Veljanovski, 2011). Object-
based analysis employing a multi-resolution algorithm and the random forest classifier can reliably
categorize crops from black-and-white aerial photos (Vogels et al., 2017). To measure the performance
of land use classification, the original black-and-white and colorized images as RGB color from deep
learning are prepared in order to implement OBIA analysis for land use classifications. Land use maps
are compared to evaluate accuracy.

2. MATERIALS AND METHODS
2.1 Study area
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Figure 1. Shows the study area.

This study area is located in that is the northeast region of Thailand, which is mostly a
mountain plateau that is not steep. The characteristic topography in the study area is plains, which
cover agriculture, a few forests, bodies of water, and urban areas, as shown in Figure 1.
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2.2 Overall methodology

Aerial photographs, the WWS project in 1954 has a 1-meter ground resolution with a map
scale of 1:50,000 and covers an area of 36. They are black-and-white aerial photographs recorded by
panchromatic film and are scanned from the films at a resolution of 20 microns using a high-precision
photogrammetric scanner.
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Colorization model ' Object-based image
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Figure 2. Outline chart of the methodology.

The overall methodology is explained in Figure 2. Outline chart of the methodology in two
main processes. Firstly, the colorization model is the first process to improve the quality of images
from black-and-white as RGB color. It is called a colorized image. Aerial photographs in the WWS
project are improved color as RGB images based on the deep learning technique. Pix2Pix is used
to train on the RGB-grayscale paired image conducted in a conditional Generative Adversarial
Network (GAN). Isola et al., (2017) explained that the GAN model generates 2-channel output
from a grayscale picture as x. The discriminator binds grayscale picture x to 2 channels y. The
authenticity of the 3-channel image is also determined. Conditional GAN:Ss, are as follows in Eq 1.

Lecan(G,D) = E, ,[log D](x, )] + E, ;[log(1 — D (x,G(x,2))] (1)

where, X is a grayscale image, y is the 2-channel image, and z is a random noise vector, G tries to
minimize this function, but an adversarial D tries to maximize it.

Next process, land use classification on images is computed in two techniques, including
object-based image analysis and pixel-based. Finally, the accuracy assessment considers land use
classification results with an evaluation metrics equation. There is a comparison accuracy between
black-and-white and colorized images on object-based image analysis. Moreover, still considered
the different classification techniques between object-based analysis and pixel-based for inspecting
and comparing the accuracy of the two methods. This study represents the calculation of many
evaluation metrics. As given by the following equations:

TP

recisi —
precision = —— 2)
TP
recall =
TP+ FP €)
recision X recall
F1=2x === (4)
precision+ recall
TP,
IoU, = ———<— (5)
TPq+ FPq+ FN,
TP+TN
Overall accuracy = ZLTPHTI)) (6)
Total classes
Total accuracy—Random accuracy
Kappa = R (7)
—Random accuracy
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The TP, FP, and FN represent true positives, false positives, and false negatives, respectively,
to explain the prediction proportionately as well as the correct pixels.

2.3 Land use classification

The determination types of land use classification in this study were referred by the
Department of Lands to assign classes, including built-up, paddy field, field crop, forest, shrub,
wetland, sand/beach, water, and transportation. This reference data for evaluation was digitized
from the human visual interpretation technique using a mirror stereoscope equipment of aerial
photographs acquired in the 1954 WWS project.

2.3.1 Comparison of the colorized and black-and-white images

The study aims to assess the effectiveness of different image types for accurate land use
classification using Object-based image analysis. The colorized image from training deep learning
is classified to compare the accuracy of land use with black-and-white images. There are two main
processes. Firstly, the segmentation process extracts objects on the image by following a parameter
set that consists of scale, shape, and compactness. As shown in Table 1, from Dréagut et al., 2010
used the multi-resolution segmentation algorithm to extract sub-objects for land use area grouping.

Table 1. Details of the parameter set are set in the experiment.

Parameter Values
Scale 50 100 200 300
shape 0.3 0.5 0.8
Compactness 0.3 0.5 0.8

To develop model, images are used to extract objects to classify land use types, and they are
indicated by the area fit index (AFI) to consider the quality of the segmentation (Luciceer, 2004).
The efficiency of segmented objects, compared to a reference polygon, can be expressed as:

AFI = ARj=Asi (1)

Rj
where A4 & is the reference total area R, Ay, 1s the total area of the corresponding terrain segment S,
and A is an area in pixels.
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Figure 3. Shows the AFI graph result that represents 70 samples on a scale of 100.
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As shown in Figure 3, that graph represents the AFI graph results on a scale of 100; all
classes (70 samples) and 14 parameter sets are used to consider the best parameter sets. Lucieer
and Stein. (2002) explained that the AFI value that is far from 0, the accuracy is low. On the other
hand, the AFI value is close to 0, this is high accuracy. Thus, the suitable scale for an image in the
WWS project is 100, then the shape and compactness parameters are 0.3 and 0.8, respectively,
aligning with a previous study (Mesner N., and Ostir, K., 2014).

Then, the suitable parameter set is used to extract objects from the image by the eCognition
software Developer 64 version 9.0. As a result, the nearest neighbor model classifies land use types
from segmented objects. The methodology included refining classification results using the Edit
Standard Nearest Neighbor Feature Space and considering GLCM texture measurements for each
band to improve classification accuracy. The processes are performed with both black-and-white
and colorized images to compare the accuracy. To inspect the accuracy, there is a comparison
between land use classification results from original and colorized images.

2.3.2 Comparison of object-based image analysis (OBIA) and Pixel-based techniques

This content compared the efficiency of land use classification between OBIA and pixel-
based with colorized images, which is conducted. Typically, the process of the pixel-based
technique involves the automatic assignment of land cover classes or themes to individual pixels
within an image based on their characteristics. Moreover, multispectral data is employed, wherein
the spectral pattern inherent in the data for each pixel serves as the quantitative foundation for
classification (Gao, Y., & Mas, J. F., 2008). However, the OBIA technique divides similar features
on an image into smaller objects by gathering pixels from the size, shape, and compactness of
objects in the imagery (Guo et al., 2022; Li et al., 2022). To compare the performance of land use
classification on aerial photographs in this research, these techniques are also compared by an
accuracy assessment with simulated images.

3. RESULTS
3.1 Land use classification between the colorized and black-and-white images

The efficiency of the land use classification was evaluated by an accuracy assessment with
the reference dataset. The results were analyzed using the confusion matrix. The confusion matrix
allowed us to determine various metrics indicating how accurate and precise: overall accuracy
(OA), the Kappa coefficient, precision, recall, F1-score, and Intersection Over Union (IOU). These
metrics are calculated and result in the black-and-white and colorized image classifications. Land
use classification results can be observed in Figure 4.

There are illustrations of the evaluation metrics, including precision, recall, F1-score and
IOU, as shown in Figure 5. It reveals that the classification results of colorized images exhibit
higher accuracy compared to black-and-white images across all land use types. The bar charts
visualize the accuracy percentages from different black-and-white and colorized images for each
class: built-up, paddy field, field crop, forest, shrub, wetland, sand/beach, water, and transportation.
In addition, the overall accuracy and kappa coefficient are represented in the overview of land use
classification accuracy of black-and-white and colorized images. For 1954 in the WWS project,
overall accuracy improved from 79.51 % (black-and-white) to 84.53 % (colorized), indicating an
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improvement due to the colorization process. The Kappa coefficient classification ranges from
65.80 to 74.83 %, indicating moderate to substantial agreement in land use classification, especially
in colorized images, with a high 75 % agreement, as shown in Table 2. Thus, it has high accuracy
in both black-and-white and colorized images, which shows this technique is suitable for aerial
photographs in the WWS project of resolution 1 meter, especially the colorized image.
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Figure 4. Land use classification results in black-and-white and colorized images.
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3.2 Comparison of pixel based and OBIA on colorized image

Land use classification accuracy between pixel-based and OBIA techniques in this study.
The accuracy in each land use of the pixel-based method is lower than another. Figure 6 shows the
comparison of the land use classification accuracy between pixel-based and OBIA techniques. It
found that all classes of land use with pixel-based techniques have lower accuracy than the land
use classification using OBIA.
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Figure 6. The bar charts represent an accuracy assessment that compares land use
classifications between black-and-white and colorized images.

Table 3. Accuracy comparison among black-and-white and colorized images.
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Figure 5. The bar charts represent an accuracy assessment that compares land use
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classifications between black-and-white and colorized images.

Table 2. Accuracy comparison among black-and-white and colorized images.

Image Overall accuracy kappa coefficient
Black-and-white 79.51 % 65.80 %
Colorized 84.53 % 74.83 %
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Image Overall accuracy Kappa coefficient
Pixel-based 18.99 % 69.05 %
Object-based image analysis 84.53 % 74.83%

As well as the overall accuracy and kappa coefficient of 18.99 % and 69.05 %, respectively,
for the pixel-based, which is lower compared to the OBIA technique of 84.53 % and 74.83 %,
respectively, as shown in Table 3. This table can summarize that OBIA outperforms the pixel-
based technique because there is high overall accuracy and a high Kappa coefficient. However, we
still found that pixel-based models have a high kappa coefficient. They are 69.05 %, which shows
the accuracy of classification in the dataset is better than random within an acceptable range of
moderate. On the other hand, the low overall accuracy means that land use classification is highly
mixed with other classes.

4. DISCUSSION

For the object-based image analysis technique, the difference between black-and-white and
the colorized image impacts classifying land use. We found the accuracy of land use classification
using colorized images to be higher th444an black-and-white images by about 5.02 %. Land use
classification on the colorized images can classify more precise classes, especially mixing land of
agriculture and shrubs. In contrast, some areas reflected that bright color and were often confused
to distinguish classes, such as beaches and sand, which are usually found to mix with the paddy
field after harvesting. Thus, it leads to low land use classification accuracy while still classifying
land use higher than the black-and-white image.
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In the techniques for land use classification, the OBIA technique is there to distinguish
land use, although the pixel-based method has been popularly used with the multispectral image.
However, most results found that the pixel-based technique has the effect of “salt and pepper” when
applied to high-resolution images. Thus, it leads to a lack of precision in the classification (Gao and
Mas, 2008; Van de Voorde et al., 2004). On the other hand, the OBIA technique considers spatial
and contextual information, such as the shape, size, and texture of objects and their relationships.
From causes why the pixel-based has low performance when compared with the OBIA techniques
in this study. The spectral information of the colorized image in this study as RGB colors provided
is spectrally insufficient to distinguish land use the pixel-based method performance. Because
pixel-based mainly relies on spectral features for the classification but has only three bands in this
study. The accuracy of the RGB image processing, when considering all evaluated vegetation,
exhibited confusion as the spectral information diminished (Oztiirk and Colkesen, 2021).

5.  CONCLUSION

Many limitation for historical aerial photographs that are used to investigate the trace
land use in the past is the quality of spectral only black-and-white color and resolution from the
scanned film. From this study, object-based image analysis has higher performance than pixel-
based techniques for the classification of images that have high resolution. Moreover, land use
classification was better by 5.02 % when colorized images from testing the colorization model were
used, compared to black-and-white ones, but the accuracy in classifying highly reflective areas
like sand bars or harvested paddy fields has still confused classification. Thus, the multispectral
image as RGB channels is still not enough to distinguish land use for these techniques. Despite
the shortcomings, the study underlines the importance of color in helping land use classification
in a remote sensing context. It shows the approach to improving historical aerial photographs with
remote sensing techniques and deep learning. The model proved useful in identifying primary land
use categories. Finally, a human visual assessment was still needed to investigate sub-classes, or
land uses requiring more detailed types.
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ABSTRACT

This study aims at using Sentinel-5P satellite data for analyzing NO, concentrations in
Binh Duong province, Vietnam. Google Earth Engine, which is a cloud-based geospatial analysis
platform, has been used to collect satellite data and extract information on NO, concentrations
in Binh Duong in the period from 2018 to 2023. Based on the analysis over time, NO, dispersion
is dependent on seasonal variation and spatial distribution. The average NO, density is ranging
Sfrom 17.2 to 41.86 umol/m’ in the period from 2018 to 2023. The average NO, concentration in
the areas with a high density of industrial factories is higher than in other regions in Binh Duong
province. Based on the spatial analysis of NO, concentration in Binh Duong, the NO, index is
highest in Di An city and lowest in Phu Giao district. Results from this study are valuable for air

pollution monitoring in Binh Duong as well as other industrial provinces in Vietnam.

1. INTRODUCTION

Air pollution is a significant concern for sustainable development and public health in many
countries. Due to the industrialization and urbanization progress, the increasing emissions from
industrial and transportation sources contribute to the degradation of air quality. The rapid population
growth, along with the rising number of vehicles and inadequate infrastructure, exacerbates the
severity of the current pollution problem. NO,, a gas known for its high solar radiation absorption
capacity, primarily originates from transportation and industrial activities (Solomon et al., 1999).
Despite the ongoing economic development in Vietnam, the issue of air pollution, including NO,
pollution, has not been adequately addressed. In this context, research on the assessment of the
current NO, pollution is crucial and valuable for the mitigation of air pollution issues, ensuring
long-term sustainability and aligning with the country’s realities.

Binh Duong is a province located in the Southeast region of Vietnam, and it serves as
an important hub connecting various provinces and cities in the Southern key economic zone.
Currently, the province has the highest per capita income in the country (General Statistics Office,
2020). With the rapid growth of businesses and industrial zones in Binh Duong province in recent
years, controlling air quality and ensuring sustainable industrial development have become urgent
priorities.

Satellite-based remote sensing has become an ideal alternative solution for long-term
monitoring of air quality in different spatial and temporal scales (Aldabash et al., 2020). Satellite
imagery has been studied in Vietnam since the 1980s and has been applied using remote sensing
technology for many years. Monitoring air pollution through satellite remote sensing is a valuable
method for researchers to easily analysis of temporal and spatial changes. Air quality resources are
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directly linked to human survival, but the advanced application of remote sensing technology for
air quality monitoring is currently limited in Vietnam (Tran Thi Van et al., 2012). The Copernicus
Sentinel-5P is one of the powerful remote sensing data that is currently widely used in air quality
monitoring (Aldabash et al., 2020; Verhoelst et al., 2021; Faisal and Muhamad, 2023). The Sentinel-
5P satellite is specifically for monitoring air quality, which is Nitrogen Dioxide (NO,), climate, and
the ozone layer, with global coverage and daily temporal resolution (Faisal and Muhamad, 2023).

Numerous tools have been developed to facilitate the analysis of satellite imagery. Google
Earth Engine (GEE) is a highly advanced tool for assessing current air pollution. By utilizing
various analysis algorithms and data processing capabilities within this platform, researchers can
generate maps that depict the levels of air pollution and identify areas with high pollution levels.
GEE has the capacity to handle large-scale geospatial datasets with global coverage, and the
processing techniques can be implemented through its code editor.

Despite conducting numerous studies on air pollution, the evaluation of long-term variations
in tropospheric NO, remains limited in the province. Therefore, applying the Google Earth Engine
platform to monitor air quality in Vietnam as well as Binh Duong province is a highly practical
issue. The research aims to analyze the temporal and spatial variations of tropospheric NO, data
in Binh Duong province using GEE for the period from 2018 to 2023. The results from this study
are an important background for local government to propose effective, responsible strategies for
air pollution in the province.

2. METHODOLOGY

The research process is summarized in Figure 1 determining the tropospheric NO,
concentrations in the Binh Duong area during the study period from 2018 to 2023. The authors
conducted the data collection and literature review. Next, the collected data was processed and
analyzed, categorized into two types: spatial analysis and temporal analysis of NO, data.

Collectins - [t peiwasiiiE | - [Jain
FewEch Eatenaly I u.'l]!. 45
[ = ]
Ty
il malonals P— L:;_l.fu
Roscarchartiches : " |_oow:
Moty MO |
- —
3 e -
Google Earth Enzine | conconirio — e r
; J & Plott @ graphs

Hnmlary vocln .-"-
g

lata | \ .
\;& Filicrings by time r/
# T .\\| Anmal | ;
Senlined-5P |
= TROPOMN data

1 cotcentriion map [—* Crverlaying maps
|

QaIS
Figure 1. The research workflow on NO, concentration in Binh Duong province.
2.1 Data collection methods

The tropospheric NO, data was extracted from the TROPOMI sensor onboard the Sentinel-
5P satellite (Sentinel-5 Precursor/Sentinel-5P). The Copernicus Sentinel-5P consists of a satellite
carrying the TROPOspheric Monitoring Instrument (TROPOMI) instrument. The TROPOMI
mission is to perform atmospheric measurements with high spatio-temporal resolution, to be used
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for air quality, ozone and and UV radiation, and climate monitoring and forecasting (ESA, 2017).
The Sentinel-5P satellite was successfully launched in October 2017 from the Plesetsk Cosmodrome
in Russia (Verhoelst et al., 2021), and it is a result of collaboration between ESA, the European
Commission, and the Netherlands Space Office. TROPOMI is an advanced Differential Optical
Absorption Spectroscopy (DOAS) instrument with a wide swath of 2600 km (approximately
104°) and a spatial sampling of 7 x 7 km? (Veefkind et al., 2012). The satellite operates in a
sun-synchronous orbit at an altitude of 824 km and has an orbital cycle of 17 minutes with an
inclination of 98.742°. Data from Sentinel-5P includes total Columns of Ozone (O3), Nitrogen
Dioxide (NO,), Carbon Monoxide (CO), Cloud and Aerosol information, such as Formaldehyde,
Sulphur Dioxide, and total Columns of Methane (ESA, 2017). Its temporal resolution is 1 day,
allowing for the monitoring of air quality variations over time. TROPOMI is capable of observing
the atmosphere under various lighting conditions, including both day and night. This enables
continuous and comprehensive data collection on air quality.

In this study, all remote sensing data collection steps are performed online on the official
website of GEE using code. Additionally, the research also collects supplementary data from
websites of various organizations, research groups, and dissertations, both domestic and
international, as well as data related to the NO, index and the GEE platform.

Figure 2. Administrative map of Binh Duong province.

The administrative data of Binh Duong province is downloaded from the website https://
gadm.org/download country.html to archive the GIS data in shapefile format. QGIS 3.28.3
software is used to clip the boundaries of the region. The location of Binh Duong is selected on the
map, and the boundaries are clipped accordingly. Subsequently, the saved boundaries are used and
added to the main page of the GEE code editor for data processing methods.

2.2 Data processing methods

The extraction of NO, concentration data is directly carried out through the GEE platform
using the Earth Engine Code Editor (https://developers.google.com/earth-engine/guides). The
research area boundaries are saved on the main GEE page as a FeatureCollection. The study
period is selected using the ee.Date() tool, where the start and end times are inputted on a
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monthly basis throughout the research period. The satellite image level is utilized through the
ee.ImageCollection() function and ee.select() to combine with the desired spectral bands. Since
the NO, concentration is in small units, the unit is converted from mol/m* to umol/m’ for easier
analysis using the image.multiply() function. The Image.reduceRegion() function is performed on
the ImageCollection using specific functions to calculate the average NO, concentration values.
The ee.batch.Export.image.toDrive tool is used to store all the maps in Google Drive for further
analysis on other platforms. The NO, values are stored as data, and the pollution maps are extracted

in Raster format.

After the maps are stored, the satellite image data will be used to create a map depicting the
NO, concentration changes in Binh Duong. This process is performed using QGIS 3.28.3 software.
The overlapping of annual concentration maps into a map for the research period of 2018-2023 is
carried out using the Raster Calculator tool.

2.3 Data analysis methods

The process involves constructing charts and performing statistical calculations using
Microsoft Excel Office 365 software. A comparison is made between NO, data results using
Sentinel-5P satellite imagery in terms of spatial and temporal dimensions. Specifically, the
differences are compared across months and years within the research period of 2018-2023, as
well as the distribution of NO, concentration among different provinces and cities. From these
comparisons, the results are combined to provide analysis and conclusions regarding the variations
in NO, concentration over the years. Finally, an objective analysis of the NO, data situation during

the research period is presented.

3. RESULTS AND DISCUSSION
3.1 Analysis of NO, concentration trends in Binh Duong over the period 2018-2023
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Figure 3. Map of NO, concentration evolution in the period 2018-2023 in Binh Duong.

Fig. 3 presents a map depicting the variations in tropospheric NO, concentrations for each
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year within the 2018-2023 period in Binh Duong province. In general, the map shows significant
changes in the distribution of NO, data over the years. In 2018, the lowest values were observed,
with the majority of the area having concentrations ranging mostly from 10 to 40 pmol/m? and
no areas with high concentrations above 60 pmol/m?. In 2023, the highest average concentrations
were found, ranging from 20 to 50 umol/m?. Moreover, in 2019 and 2021, there were notable areas
with high concentrations ranging from 60 to 70 umol/m? during the research period. Through the
analysis, it is evident that the tropospheric NO, data shows an increasing trend over the years.

Table 1 presents the results of the average monthly NO, charts for the study period in Binh
Duong province. Due to the results extracted from the Sentinel-5P satellite, launched at the end of
2017 via the GEE platform, the data for the first five months of 2018 has not been updated in the
study area. The highest average NO, density ranges from 20.93 to 41.86 pmol/m? in 2023, while
the lowest ranges from 17.97 to 27.07 umol/m? in 2018.

The average concentration in 2020 (25.02 umol/m?) tends to decrease compared to 2019
(26.06 umol/m?) due to the emergence of the COVID-19 pandemic in Vietnam, leading to the
implementation of social distancing measures. As a result, there was a reduction in travel and
goods production, leading to a decrease in NO, emissions into the atmosphere. Consequently, the
tropospheric NO, concentration also improved during this period as the primary sources of NO,
emissions are from transportation and industrial activities.

Table 1. Average tropospheric NO, concentration (umol/m’) during the 2018-2023 period in

Binh Duong.
Month 2018 2019 2020 2021 2022 2023
1 32.98 28.05 35.55 33.85 28.73
2 29.81 27.55 35.38 24.09 27.68
3 41.64 27.37 34.17 33.29 40.15
4 30.61 27.00 33.65 26.61 41.86
5 2691 27.07 29.43 25.47 32.45
6 27.07 22.02 25.59 24.27 26.36 23.23
7 19.25 19.74 25.56 20.86 23.29 25.97
8 17.97 17.95 17.92 19.02 23.064 20.93
9 22.95 17.20 20.79 18.11 23.52
10 26.92 23.02 23.38 20.24 23.20
11 25.10 22.80 22.77 2438 27.67
12 25.40 28.06 27.17 29.45 28.71
Average 23.52 26.06 25.02 27.04 26.64 30.12

The concentration of NO, in the tropospheric layer is influenced by seasonal variations in
climate, as depicted in Fig. 4. During the rainy season, the emission levels are lower compared
to the dry season due to better dispersion capabilities of pollutants in rainy weather conditions.
In the dry season, factors such as weak winds, low temperatures, less rainfall, and high humidity
reduce the dispersion of pollutants in the air. This leads to an increase in NO, concentration as the
air cannot escape to higher regions or move to other areas. Thus, the average concentration from
April to November, which corresponds to the dry season in Vietnam, shows an increasing trend in
NO, concentration in the Binh Duong region compared to the rainy season from May to October.
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From the chart in Figure 3, it can be observed that the months with the highest average concentration
during the dry season are March and April, with tropospheric NO, data of 35.33 pmol/m* and

31.95 umol/m?, respectively. In the rainy season, the lowest concentration is observed in August,
with 19.57 umol/m? (Table 1).

The monthly average tropospherie 0, coneentration
for the years 2008 to 2023
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Figure 4. Average monthly tropospheric NO, concentration 2018-2023.
3.2 Analysis of spatial variations in NO, Concentration in Binh Duong province

Fig. 5 presents the results of the tropospheric NO, concentration in Binh Duong province,
including 4 districts, 1 town, and 4 cities, during the period from 2018 to 2023. The map provides a visual
representation of the data, with areas of high concentration located in economically developed districts.
Based on the map, Di An and Thuan An are the areas with the highest concentration of tropospheric
NO,, with an average index ranging from 50 to 70 umol/m’. The areas of Thu Dau Mot, Tan Uyen
and Ben Cat exhibit a lower distribution, ranging from 30 to 60 mol/m?. The lowest concentrations
are observed in the areas of Dau Tieng, Bau Bang, Phu Giao, and Bac Tan Uyen, with concentrations
ranging from 10 to 30 mol/m?. From these findings, it can be concluded that there is a significant
disparity in NO, concentration levels among the provinces and cities within the Binh Duong region.
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Figure 5. Spatial tropospheric NO, concentration in Binh Duong region.

Fig. 6 provides a visual representation of the NO, levels in different areas, showing the
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fluctuation over a specific period. Based on the chart, Di An has the highest levels compared
to other districts, with an average concentration ranging from 51.19 to 64.75 umol/m?. The
lowest concentration is observed in Phu Giao, ranging from 17.71 to 24.65 umol/m? during
the study period. The average concentration also varies significantly between high and low
areas, with a difference of 2.8 times. These results align with reality, as Di An serves as an
economic center with transportation and industrial development in Binh Duong, while Phu
Giao is primarily focused on agriculture. The remaining areas exhibit similar concentrations,
ranging from 19.72 to 56.47 umol/m?. Additionally, based on the chart, it can be concluded
that the NO, levels tend to decrease uniformly during the pandemic period in 2020 across all
districts and cities.
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Figure 6. Chart of average NO, concentration in different areas of Binh Duong province.

4. CONCLUSION

In this research, the tropospheric NO, data was retrieved from the Sentinel-5P TROPOMI
satellite through the Google Earth Engine platform for the period of 2018 to 2023 in Binh Duong
province. The study has analyzed the distribution of tropospheric NO, in Binh Duong province
both spatially and temporally. The results show that the average tropospheric NO, concentration
in the study area fluctuates insignificantly. Due to the emergence of the Covid-19 pandemic, the
obtained concentration data tends to decrease during the outbreak period, attributed to reduced
transportation and industrial activities. Furthermore, the temporal analysis reveals that the NO,
concentration is influenced by seasonal variations, contributing to the dispersion of pollutants.
In 2023, the highest average concentration reached 30.12 umol/m?, while the lowest average
concentration was recorded in 2018 at 23.52 pmol/m?. Based on the average results, it can be
concluded that the highest NO, index is found in the Di An area, while the lowest is in the Phu
Giao area, with a significant variation in average concentration between high and low areas, due to
the high density of industrial activities in Di An. The results demonstrate the potential application
of Google Earth Engine in air quality monitoring. In addition, results from this study could provide
important background for local government on building strategies for mitigation of air pollution
in the province.
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ABSTRACT

Marine protected areas (MPAs) have become a strategy for marine biodiversity conservation.
Inventories are useful assessments that inform balanced resource management and conservation
efforts in marine ecosystems. The advancement of GIS technologies has enabled geospatial data
inventories. Particularly, dashboards have been used to create web maps that support interactive
visualizations dynamically and spatially display statistics. Several web GIS dashboards were
launched for marine biodiversity inventories. In Vietnam, the system of MPAs has been established
since 2003 and inventories of MPAs’ biodiversity are compulsory. Efforts have been made to
support the need at the very initial stage. This paper aims to develop a dashboard for an inventory
of Vietnam MPAs system. Based on biodiversity conservation policies and regulations, indicators
are selected. Geospatial data are pulled from Protected Planet and Open Development Vietnam.
Statistical data are collected from legal documents, journal articles, conference proceedings,
MPAs websites and books from 2010 to 2023. ArcGIS platform was used to build experiment data,
create the web map and develop the Dashboard. The results are indicators for MPAs’ biodiversity
and a web GIS dashboard. The Dashboard is composed of a multi-scale map, an indicator, a list
and charts. Statistical indicators are presented on the Dashboard to interactively link the map to
infographics and vice versa. Despite the lack of biodiversity data, the Dashboard helps users to
understand MPAs’ biodiversity quickly and easily, facilitating decision-making. The study results
are applicable to the inventory of other types of Vietnam protection areas.

1. INTRODUCTION

Marine Protected Areas (MPAs) have become a strategy for marine biodiversity conservation.
Biodiversity inventories are useful assessments that inform balanced resource management,
conservation and restoration efforts in marine ecosystems. They help to explain the existence of
marine life, make predictions and set long-term conservation and restoration targets. Vietnam PAs
have been established since 1977 (Decision41/TTg, 1977). Vietnam’s PAs system targets to increase
the area of terrestrial PAs up to 9 % of the national territorial area to increase that of MPAs up to 5
% of the marine area (Decision 218/QD-TTg, 2014). However, the starting point for establishing
MPAs was not until 2003, marked by the approvals of the strategy for management of Vietnam
PAs until 2010 (Decision 192/2003/Qb-TTg, 2003) and of the Fishery Law (Constitution, 2003).
Out of approximately 230 PAs, the MPAs system includes 11 existing and 18 planned MPAs and
many other proposed marine effective area-based conservation measures (MARD, 2023). Despite
their small numbers, MPAs are responsible for maintaining current levels of mangrove forests,
seagrass beds and coral reefs; improving the quality and populations of endangered, rare and
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precious species; and compiling an inventory for storing and conserving native endangered, rare
and precious genetic resources (MONRE, 2019). Hence, the inventory, monitoring and reporting
of the status of biodiversity is a need.

A national program for inventory, monitoring, reporting and building the National Biodiversity
Database by 2030, with a vision to 2050, was promulgated in 2021 (Decision 2067/QD-TTg, 2021).
Initiatives for the inventory of biodiversity in Vietnam have not been focused on MPAs. Particularly,
the national biodiversity database systems (NBDS) for decision-makers, governmental officers,
researchers and the public (VED, 2015) and a geodatabase of biodiversity in BacKan province were
developed and published as a web map (Bac Kan DONRE, 2022). The NBDS provides better support
to users for searching (1) biodiversity information by declaring organization, date of declaration, PA
and species taxon; and (2) PAs by locations (region and province), types of PAs, status of designation
and management authority’s level. Searching results are a list of PAs and a list of species’ taxa of
individual PAs without linking to the map. Meanwhile, the provincial geodatabases support only
searching each species and displaying its distribution on maps.

Recent GIS advancement, particularly the Dashboard, allows creation-web maps that support
interactive visualizations and dynamically and spatially display statistics of biodiversity on the whole
and MPA’s biodiversity in particular. On a global scale, the Terrestrial Dashboard of World Database of
Protected Areas (WDPA) is published as a dashboard for the terrestrial PAs in many countries (except
for Canada, Vietnam and some other Asia countries), which count the number and areas of PAs by
TUCN category (WDPA, n.d.). On a regional scale, the Regional Centre for Mapping of Resource
for Development launched dashboards for the Eastern and Southern African countries, which chart
and count various types of PAs (RCMRD, 2020, 2022a), forest cover trend, forest cover percentage
and forest ownership percentage...by country (RCMRD, 2022b). Besides, the Dashboard of the
Gulf of Mexico Benthic Habitat Inventory dynamically displays statistics for habitat units, focusing
on biogeographical and geomorphological features (Rose & Cebrian, 2022). On a national scale,
NOAA’s MPA Inventory Dashboard (NOAA, 2018) and Australian PAs Dashboard (Collaborative
Australian PAs Database, 2020) visualized the area and numbers of various US MPAs and Australian
PAs categories. Besides those indicators, the Canadian MPAs dashboard dynamically visualize
the stage of MPA establishment by region and a list of activity snapshot for each MPAs (Canadian
Parks and Wilderness Society, 2021) and the MPAs dashboard of Tanzania chart the year of MPAs
establishment (Nairobi Convention, 2021). These inventory dashboards help to measure habitat
diversity including the existence of distinct habitats, their locations, magnitudes and intensities.
Genetic diversity and species diversity of natural ecosystems are not mentioned.

This study aims to build a web GIS dashboard of Vietnam MPAs for biodiversity inventory
purposes. It is an experiment for the development of a web GIS-based dashboard for biodiversity
inventory of all types of Vietnam PAs systems.

2. METHODS
2.1 Indicatoridentification for an inventory of Vietnam marine protected areas’ biodiversity
There are no indicators designated to Vietnam MPAs’ biodiversity. In this study, the

indicators of Vietnam MPAs’ biodiversity are identified based on legal documents related to
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information and data on Vietnam biodiversity (Table 1). At first, the indicators are selected from
the Guidance on Development of Biodiversity Report. The guidance was promulgated in 2006 by
the Vietnam Environment Administration, which includes a proposed set of biodiversity indicators
for terrestrial, inland wetlands and coastal and marine ecosystems. These indicators are applicable
to the investigation, monitoring and inventory of biodiversity for building national, provincial and
PA biodiversity. The category of MPAs’ species is also developed from the guidance. Then, a list
of endangered, precious and rare species of MPAs are categorized according to Vietnam Red Data
Book 2007, ITUCN Red List of Threatened Species 2009, Decision 74/2008/QD-BNN, Decree
32/2006/ND-CP and Decree 160/2013/ND-CP.

Table 1. Legal documents related to information and data on Vietnam biodiversity.

Document no/Author Name of (attached) document Date of approval
Official note 2149/ TCMT-BTPDSH g‘;ﬁme on the development of biodiversity| g e 14 2016
Criteria to determine species and the regime of
managing species under lists of endangered,
precious and rare species prioritized for
protection
Management of endangered, precious and rare
forest plants and animals

Decree 160/2013/ND-CP November 12, 2013

Decree 32/2006/ND-CP March 30, 2006

IUCN, 2009 IUCN Red List of Threatened Species 2009 2009
Ministry of Science and Technology

& Vietnamese Academy of Science | Vietnam Red Data Book 2007
and Technology

The list of species of wild animals and plants
stipulated in annexes of the Convention on
International Trade of Endangered Wild Fauna
and Flora (CITES 2008)

Decision 74/2008/QD-BNN June 20, 2008

2.2 Building experiment data

Geospatial data are pulled from the World Database on Protected Areas, Protected Planet
and Open Development Mekong. Statistical biodiversity data are collected from legal documents,
journal articles, conference proceedings, MPA websites and books (Table 2). They are publications
for results of projects and programs for biodiversity investigations, inventory and monitoring from
2010 to 2023.

Table 2. Data collection.

No Sources of geospatial dataset/ statistical data

UNEP-WCMC and IUCN, 2023. Protected Planet: The World Database on Protected Areas (WDPA)
1 |and World Database on Other Effective Area-based Conservation Measures (WD-OECM) [Online],
September 2023. Cambridge, UK: UNEP-WCMC and IUCN. Available at: www.protectedplanet.net

Open Development Vietnam, 2021. National PAs of Vietnam. Available at: https:/data.

2 opendevelopmentmekong.net/dataset/national-protected-areas-in-vietnam

3 Decision 218/QD-TTg dated February 7, 2014, on Approving the Strategy for Management of systems
of special-use forests, MPAs and inland wetland PAs of Viet Nam by 2020, with a vision toward 2030

4 Vo S. T., Nguyen H. Y., 2010. Hermatypic corals in the waters bordering Con Co island (Quang Tri

province). Collection of Marine Research Works, XVII: 147-154.
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No Sources of geospatial dataset/ statistical data

Luu T. A., Nguyen D. K., Ha Q. Q., Nguyen H. N., 2013. Biodiversity of Hon Me Aprchipelago,
5 | Thanh Hoa Province. The 5" National Conference Proceedings on Ecology and Biological Resource,
371-378, Ha Noi.

No Indicators Sub-indicators

LuuT. A., Nguyen D. K., Ha Q. Q., 2011. Biodiversity conservation of Hon Cau - Ca Na MPA. The
4" National Conference Proceedings on Ecology and Biological Resource, 457-462, Ha Noi.

Tran D. T., Tran D. L, Nguyen V. Q., Nguyen T. M. H., Dinh V. H., 2014. Bach Long Vy national
7 | MPA: potential and solution for promoting values. Journal of Marine science and technology, 14(3A):
281-291.

Forest ecosystems: number of forest plant species, tree density, forest biomass
and volume; wetland ecosystem: aquatic species composition, tree density
Quality of critical|and forest biomass; mangrove forest ecosystem: number of mangrove plant

8 |Cat Ba National Park homepage. https://catbanationalpark.vn/, last accessed 2023/6/10.

9 [Nui Chua National Park homepage. http://www.vqgnuichua.vn/, last accessed 2023/7/01.

4 . ) . :
ecosystems species, tree density and biomass; area of newly died mangrove forest; area of
newly died coral reef; area of newly died seagrass bed; and area of mangrove
newly converted to other land uses
. : Number of floral and faunal species; the number of marine endangered,
Quantity of important : . e . . :
5 precious and rare species and individuals; number of extinct marine precious

species .
and rare species

Management Board of Cham island MPAs homepage. https://culaochammpa.com.vn/, last accessed
10 2023/7/10

Table 4. Protection priority of MPAs’ endangered, precious and rare species/individuals.

11 |Con Dao National Park homepage. https://www.condaopark.com.vn/. Accessed on 21/8/2023.

12 |Management board of Nha Trang bay homepage. https://vinhnhatrang.net/. Accessed on 10/9/2023.

Nguyen V. Q., Nguyen D. T., Nguyen V. C (editors)., 2023. Biodiversity values, conservation
13 |potentials and Integrated Management Approach towards Co To - Tran Island MPA, Quang Ninh
province. Science and Technology.

Hoang X. B, Nguyen V. L., Hua. T. T., Phan K. H., Thai M. Q., 2018. Biodiversity and characteristics
14 |of coral reef communities in Ly Son MPA, Quang Ngai province. Journal of Marine Science and

Technology, 18(2): 150-160.

2.3 Development of web GIS dashboard for Vietnam marine protected areas

The web GIS dashboard is developed via the ESRI platform. Geospatial data are processed
and composed as multi-scale maps in ArcPro. Then, the map is shared as a web map to ArcGIS
online, from which the web GIS dashboard is developed by ArcGIS dashboards.

3.  RESULTS AND DISCUSSIONS
3.1 Biodiversity indicators for the web GIS

This study builds indicators for web GIS MPAs’ biodiversity, including basic information,
area of MPAs, area of biodiversity distribution, quality of critical ecosystems and quantity of
important species (Table 3). For the statistics related to species, the number of species is listed
by fungi, floral and faunal classes. Accordingly, floral species are counted by taxon, ranging from
division class to order. Meanwhile, faunal species are grouped into 6 groups (Insecta, Amphibian,
Reptile, Aves, Mammalia and Marine plants and Animals). Marine plants and animals are sub-
divided into phytoplankton, zooplankton, seaweed, algae, seagrass, coral, crustacea, Mollusca,
Echinodermata, fish, marine reptiles and marine animals. Levels of priority for protection of
endangered, precious and rare species/individuals are classified into 6 categories (Table 4).

Table 3. Indicators for the current status of MPAs’ biodiversity.

No Indicators Sub-indicators

Name and types of MPAs, management level, decision number of
1 |Basic information establishment, area by functional zone, buffer areas, main species protected
and co-management

2 | Area of MPAs Area and MPAs area percent of marine surface
3 Area of biodiversity | Area of mangrove forest (including new plant forest) and area and cover
distribution percentage of coral reef and seagrass bed
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No Categories Levels of priority for protection
1 | Vietnam Red Data Book 2007 | Critically endangered, endangered, vulnerable, lower risk
) IUCN Red List of Threatened | Critically endangered, endangered, vulnerable, near threatened, least
Species 2009 concerned, data deficient, not evaluated
3 |CITES 2008 N/A
4 |Decree 32 Group IA, IIA, IB, 1IB
5 |Decree 160 N/A
6 |Endemic Local, regional, Vietnamese, Indochinese, Southeast Asian
3.2 Web GIS dashboard

The final result is a web GIS for the inventory of Vietnam MPAs, which is accessible via
https://vanntphuong.maps.arcgis.com/apps/dashboards/e23b7913b1d045619064aa0afb5a226d. In
terms of dashboard architecture, the user interface consists of an information panel and a map panel.
The data component includes a thematic layer and base layer for multi-scale mapping. (Figure 1).
The Dashboard is designed to display multiple visualizations that work together, enabling users
to convey information by presenting location-based analytics using intuitive and interactive data
visualizations on a single screen (Figure 2). It is composed of a multi-scale map, a list, a pie chart, 4
serial charts (2 grouped and 2 stacked charts) and an indicator. The map introduces (1) the location
of MPAs as points and polygons and (2) levels of administrative boundaries at smaller and larger
scales, respectively (Figure 3). It is configured to interact with the list, charts and indicators for
inventory and vice versa. The list shows the basic information of MPAs, such as name, type, year
and decision of establishment, main species protected and co-management, in a map view (Figure
2). The pie and two stacked charts are added to the stack at the upper right of the Dashboard. Each
slice of the pie chart displays the sum of the area by functional zone of all MPAs in a map view. A
stacked chart compares areas of functional zones among MPAs and the other compares numbers of
marine endangered, precious and rare species. The two other stacked charts are also added to the
stack at the bottom of the Dashboard. One compares the numbers of terrestrial fauna species and
the other compares the numbers of marine plants and species in a map view. The indicator (in the
upper left) shows the sum of marine areas of all MPAs in a map view.

The Dashboard visualizes the status of MPAs’ biodiversity, facilitating users the ability to
slice the data to get the answers they need quickly and easily. Some indicators listed in Table 3
are excluded from the Dashboard due to the lack of data. It could be improved when more data
available and when end users consulted.
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Figure 3. Illustration of different map zooms.

4. CONCLUSION

Vietnam MPAs’ systems have become a strategy for marine biodiversity conservation.
Inventory the status of MPAs’ biodiversity is a need. Efforts have been made to support the need.
However, they are at a very initial stage. This paper aims to develop a web GIS dashboard for
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the inventory of the Vietnam MPAs system. Based on national biodiversity conservation policies
and regulations, MPA’s biodiversity indicators are selected. Then, the ArcGIS platform is applied
to develop web GIS dashboard. The results are indicators MPAs’ biodiversity and a web GIS
dashboard. The Dashboard is composed of a map, indicator, list and charts, enabling users to
convey information by presenting location-based analytics using intuitive and interactive data
visualizations on a single screen. Although there is a lack of biodiversity data, the Dashboard helps
users to understand MPAs’ biodiversity quickly and easily, facilitating decision-making. The study
results are applicable to the inventory of other types of Vietnam protection areas.
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ABSTRACT

Accurately monitoring open water bodies is a fundamental and crucial task in remote
sensing. Numerous techniques for mapping water bodies have been devised to extract them from
multi-spectral images. One of the most widely used techniques is the method relying on the spectral
water index, particularly the Modified Normalized Difference Water Index (MDNWI), which is
derived from the green and Shortwave-Infrared (SWIR) bands. The purpose of the study is to
identify surface water body changes using Sentinel-2 MSI (Multi-Spectral Instrument) data, one
of the latest types of remote sensing satellite data. The results of the research show that by using
Sentinel-2 MSI imagery, MNDWI (Modified Normalized Water Index) is the appropriate parameter
to detect surface water areas in the studied area, with an overall accuracy > 0.92 and Kappa
coefficient > 0.84. Additional research is required, specifically targeting diverse geographical
conditions and exploring other regions within Vietnam.

1. INTRODUCTION

Monitoring surface water body changes has a great significance in understanding hydrology
processes and managing water resources (Roberts et al., 1993; Vorosmarty et al., 1997; Papa
et al., 2008). Recently, remote sensing has become a suitable approach for monitoring surface
water body changes because the acquired data can provide real-time, dynamic and cost-effective
information, which is substantially different from conventional in situ measurements (Chen et al.,
2004; Du et al., 2011; and Feng et al., 2012). There were various methods developed in order to
extract water bodies from different remote sensing images, include single band density slicing
(Work and Gilmer, 1976), unsupervised and supervised classification (Sivanpillai et al., 2010; and
Huang et al., 2014ab) and spectral water indexes (Hui et al., 2008; Li et al., 2013; Du et al., 2014;
Xie et al., 2014; Jiang et al., 2014; Mizuochi et al., 2014; Yao et al., 2015; and Li et al., 2016). To
select the water body mapping methods, the spectral water index-based method is chosen because
it is efficient and has low computational cost (Ryu et al., 2002). In the past several decades, the
Normalized Difference Water Index (NDWI) was proposed by McFeeters, 1996, using the green
and Near Infrared (NIR) bands of remote sensing images relied on strong absorbability and low
radiation of the water bodies in the range from visible to infrared wavelengths. In most cases, the
water information is effectively enhanced by using NDWI. However, it is sensitive to built-up
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land. To overcome the foible of NDWI, Xu, (2006) developed the Modified Normalized Difference
Water Index (MNDWTI) (Xu et al., 2006) that uses the Shortwave Infrared (SWIR) band instead of
the NIR band used in NDWI. Many previous research works have demonstrated that MNDWI is
more suitable to extract water bodies with greater accuracy than NDWI (Xu et al., 2006; Li et al.,
2013; Du et al., 2014; Singh et al., 2015).

More recently, MNDWTI has been widely applied to produce water body maps at different
scales. In practice, the spatial resolutions of both the SWIR and green bands directly affect the
accuracy of mapped water bodies. For instance, MODerate-resolution Imaging Spectroradiometer
(MODIS) images at 250-m spatial resolution have been popularly used to generate water bodies
at both global and regional scales (Caroll et al., 2009; Huang et al., 2012). For regional studies,
images at 30-m spatial resolution provided by the Thematic Mapper (TM), the Enhanced Thematic
Mapper Plus (ETM+) and the latest Operational Land Imager (OLI) from Landsat series satellites
are relevant datasets (Hui et al., 2008; Du et al., 2014; and Rokni et al., 2014). Although the
Landsat TM, ETM+ and OLI images can extract water bodies with more accurate boundaries, the
spatial resolution of Landsat series images is still not good enough to detect smaller-sized open
water bodies, such as narrow gutters and small pools in urban areas. By rapid development of
remote sensing data consisting of SPOT6/7, IKONOS and Quick-bird having spatial resolution
under 1-m, these small-sized water bodies can be monitored. However, these very high spatial
resolution images have no SWIR band, making it impossible to use the MNDWI method.

For convenience, the European Space Agency (ESA) launched a new Sentinel-2 satellite
on 23 June 2015. The Sentinel-2 images can provide for regional water body’s maps due to
their reasonable properties (i.e., the 10-m spatial resolution for four bands and the 10-day revisit
frequency) and the free access. The Sentinel-2 carries the Multi-spectral Imager (MSI). This sensor
has a total of 13 spectral bands, in which four bands (blue, green, red and NIR) have a spatial
resolution of 10 m and six bands (including the SWIR band) have a spatial resolution of 20 m.
Since the green and SWIR bands are included, the MNDWI method gathers water bodies from the
Sentinel-2 images. The objectives of this study are to (1) produce MNDWI from the Sentinel-2
image by the green and the SWIR bands; (2) use the produced MNDWI to extract water bodies;
and (3) evaluate the map-level accuracy of the resultant water body map.

2. STUDY AREA & DATA SET
2.1 Study Area

Da Lat city is situated on the Lam Vien plateau, serving as the administrative center of Lam
Dong province. It is approximately 300 kilometers to the northeast of Ho Chi Minh city, 110
kilometers west of Phan Rang and 130 kilometers to the northeast of Nha Trang. Da Lat holds a
central role in Lam Dong province, serving as its political, administrative, economic, cultural and
service hub. It also plays a crucial role as a significant economic trading center and a focal point
for various forms of tourism, particularly sightseeing tours, resorts, conferences, seminars and
ecological activities within the country and the surrounding region. Furthermore, it stands as one
of the nation’s primary institutions for diverse education and advanced scientific research.

Despite the limited availability of surface water resources in Da Lat, they are sufficient to
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cater to the socio-economic needs of a city primarily oriented toward tourism, services, education
and scientific research. The primary preference for sourcing water remains surface water, with
underground water reserved for use in suburban residential areas only when centralized water
supply systems are absent. Although the water quality in several significant reservoirs such as
Dan Kia, Suoi Vang, Tuyen Lam, Chien Thang and Da Thien remains favorable at present, it is
essential to maintain a long-term focus on protective measures to reduce the risk of pollution and
sedimentation. (Figure 1).
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Figure 1. The study area.

https://bandovietnam.com.vn/ban-do-thanh-pho-da-lat
2.2 Data set

In this research, time series of Sentinel-2A (Level 2A) images with a cloud cover of less
than 1 % have been used. The reason for the very low cloud coverage is that in the continuation
of the classification process, we need to obtain the area of the water class in each image. For this
reason, the presence of clouds can create many problems in our calculations.

(a) (b)
Figure 2. Satellite images cut by the boundaries of Dalat city on the dry (a)
and the flood season (b).

Table 1. Acquisition date of the Sentinel-2A satellite images used during 2022 in Dalat city.

Number Sensing Date Mission
1 12 March 2022 Sentinel-2A
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Number Sensing Date Mission
2 18 November 2022 Sentinel-2A

Sentinel-2 is an Earth observation mission developed by ESA as part of the Copernicus
Program to carry out ground-based observations in support of services such as forest monitoring,
land area change detection and disaster management. It consists of two identical satellites built by
Airbus DS, Sentinel-2A and Sentinel-2B.

The Sentinel-2 mission has the following capabilities:

* Multi-spectral data with 13 bands in the visible, near-infrared, infrared and shortwave
portions of the spectrum;

* Systematic global coverage of land surfaces from 56°S to 84°N, coastal areas and all of the
Mediterranean Sea;

* Repeat every 5 days under the same view. Sentinel-2 repeat shooting cycle will be shorter
than 5 days at high latitudes or shooting with different viewing angles;

* Spatial resolution of 10 m, 20 m and 60 m;
* The scanning range is 290 km wide;

* Free and open data policy.

3. METHODOLOGY

Figure 3 shows the flowchart of the implemented method for the detection and analysis of the
change in bodies of water in two seasons. Our research consists of three main steps: (1) Selection of
bands and indicators of water body extraction, (2) Surveying thresholds of water index to classify
the images into two water and non-water classes and (3) Analysis and interpretation of changes.

Sentinel 2A imape Sewtinel IA image
o BL March 2022 I g | Monvember 2022
Cunting ke ares of imerea Imnge Sopmsenastinm
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Figure 3. Flowchart of the implemented method for detection and analysis of the change in
bodies of water in two seasons.
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4. RESULTS
4.1 Results of surface water extraction using the MNDWI index method

A positive value in the NDWI index signifies the presence of surface water, making it a
valuable tool for identifying and assessing alterations in surface water coverage. The NDWI
index, as introduced by McFeeters, strives to (a) enhance the reflectivity of surface waters in the
green band and (b) diminish the reflectivity of surface waters in the near-infrared (NIR) band, as

expressed by the following formula:

PGreen — PNIR

NDWI = =2 ——— (1)
PGreen + PNIR

For Sentinel 2A images, the NDWI index is determined as follows:

NDWI = Ppand 3 — PBand 8 (2)

PBand 3 + PBand 8

(b)
Figure 4. The NDWI index image outcomes within Da Lat City on the dry (a)

and the flood season (b).

4.2 Results of surface water extraction using the MNDWI index method

One significant drawback of the NDWI index is its tendency to be mistaken for built-up
areas. Xu et al., (2006) identified that it’s possible to differentiate between surface water areas

and built-up regions by examining the short wavelength infrared (SWIR) band. Consequently, the
MNDWI index is introduced and calculated as follows:

PGreen — PswiIr

MNDWI = 3)
PGreen + Pswir

For Sentinel 2A images, the MNDWI index is determined as follows:
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(b)
Figure 5. The MNDWI index image outcomes within the Da Lat city on the dry (a) and the
flood season (b).

Following the generation of the NDWI and MNDWI index images, surface water bodies are
identified through a thresholding process. Typically, NDWI and MNDWTI index values fall within
the range of [-1, 1], with 0 serving as the commonly used threshold to differentiate between water

and non-water.

In this research, both NDWI and MNDWI indices were computed. The study employed
these indices to extract surface water features, selecting the suitable water separation index for

each type of surface water resource.
4.3 Evaluate the accuracy of classification results

The accuracy of the extracted current surface water distribution from two sets of Sentinel
2A satellite images was assessed using a combination of direct surveys conducted on the 1-meter

spatial resolution satellite images.

Random control samples were taken across the entire study area, totaling 80 regions
encompassing two surface types (water and others). These regions were subsequently overlaid
with high-resolution satellite image data from 2022 to calculate statistics measuring the actual level
of correspondence between objects. The Kappa coefficient, calculated according to Congalton’s
formula, revealed that the classification accuracy of the 2022 surface water distribution based
on the MNDWI index image was 94.07 %, which matches the current classification accuracy of
94.07 %. In contrast, the accuracy for the surface water distribution status in 2022 derived from
the NDWI index image was 88.64 %.

Consequently, this study opted for MNDWI index images to extract surface water information,
confirming their suitability for characterizing the distribution of surface water resources within the
project’s study area.

4.4 The findings from evaluating the present state of surface water distribution within the

city of Da Lat, encompassing two distinct research periods
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Figure 6. Results of surface water extraction from Sentinel 2A satellite images in Da Lat City
on the dry (a) and the flood season (b).

Table 2. Statistics on surface water area for two periods, March and November 2022,

in Dalat city.

Land cover 12 March 2022 (ha) 18 November 2022 (ha) Change (ha)
1-Water 691,430 759,939 +68.51
2-Non-water 38,768.330 759,939 - 68.51
Total (ha) 39,459.760 39,459.760 0

Examining the outcomes regarding the spatial distribution of surface water resources in Da
Lat city within Lam Dong province, in conjunction with the statistical data, it becomes evident that
Da Lat encompasses surface water resources that make up nearly 2 % of the city’s total area. These
resources are primarily in the form of rivers, streams and lakes, with a predominant concentration
in the form of large lakes such as Xuan Huong, Than Tho and Tuyen Lam.

Simultaneously, over the past two decades, the sectors of agriculture, tourism and population
have all experienced significant growth. Consequently, Da Lat city finds itself in need of pragmatic
water management solutions. This is especially critical to safeguard the purity of the surface
water environment, as it plays a pivotal role in preserving the aesthetics necessary for tourism
development and is closely linked to the well-being of the local population.

5.  DISCUSSION

Da Lat’s flow pattern is contingent upon the climate and can be categorized into two distinct
seasons: the flood season and the dry season. In May, Da Lat transitions into its rainy season, during
which streams that had previously dried up due to the dry period do not initially produce surface
runoff; instead, the initial rains are absorbed into the soil. Thanks to its excellent permeability, the
streams become inundated, typically occurring 1.5 to 2 months after the onset of the rainy season.

The period spanning from May to July signifies the transitional phase from dry to flood

conditions in Da Lat’s streams. During this transitional phase, the basin accumulates more moisture,
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eventually culminating in the flood season in July. This coincides with the heavy and prolonged
rainfall that characterizes the rainy season.

The rainy season concludes in November and the transition from the flood season to the dry
season is gradual. During this receding phase, stream waters gradually decrease, but significant
floods can still occur due to late rains falling on already water-saturated basins. As the transition
progresses from flood to dry conditions, groundwater plays a crucial role in moderating stream
water levels, reducing the disparity in flow patterns. Effectively, the flood season extends until the
end of November.

Throughout the flood season, approximately 70 % of the annual water volume is contained
within the streams. The peak flood months typically occur in September and October, contributing
to around 20 % of the total annual water volume. Early-season floods are often triggered by
thunderstorms, while major floods during the peak flood season result from storms and tropical
convergence zones. Late-season floods are usually induced by storms or by heavy rainfall,
occasionally.

Once the rainy season concludes, the streams quickly begin to lose water. By the time April
arrives, they reach their lowest point, constituting just about 2 % of the total annual water volume.
Streams with smaller drainage areas (less than 5 square kilometers) found in the southwest and
southeast corners of the city originate from elevated areas that lack forest vegetation cover and
possess only a weathered surface layer. Consequently, they frequently run dry and cease to flow.

The contrast in precipitation between the dry and rainy seasons is quite noticeable.
Nonetheless, as per the findings detailed in Table 2, the expansion of surface water within Da
Lat city has been limited to nearly 70 hectares. This restriction is primarily attributed to the city’s
steep topography, which impedes the retention of substantial surface water during the rainy season.
Therefore, to enable the growth and advancement of high-quality agriculture, alternative water
sources or modern water-saving technologies are imperative.

6. CONCLUSION

The investigation involved the extraction of surface water resource data by establishing
thresholds for the NDWI and MNDWTI indices. The indices derived from Sentinel 2A imagery have
demonstrated their efficacy in surface water area analysis. Findings from the study indicate that
the utilization of NDWI and MNDWI water extraction indices facilitates a more straightforward
separation of surface water entities. This is particularly advantageous when distinguishing water
bodies within residential and industrial areas and during construction processes, resulting in
increased accuracy in satellite image classification outcomes. Consequently, it can be inferred that
optical remote sensing images offer a superior solution for surface water research.

Nonetheless, there exist certain limitations and challenges in terms of data and methodologies
that warrant further investigation. To enhance precision and dependability, novel threshold
determination techniques may be employed. The crucial aspect of implementing these new
thresholding methods, which involve statistical analysis functions, lies in the requirement for
significantly larger and more detailed field data. This data should also be collected over an extended
timeframe for comparison with specific scenes, enabling the selection of precise thresholds for
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each distinct research area.

Furthermore, it is imperative to persist in the development of this research avenue and its
application within the emerging realm of artificial intelligence and machine learning algorithms.
While optical remote sensing image data has proven effective in surface water research, it’s essential
to acknowledge its primary limitation-vulnerability to cloud cover and adverse weather conditions.
This can lead to information gaps or inaccuracies, particularly in Vietnam’s mountainous regions.
In this regard, radar remote sensing image data emerges as a viable approach for mitigating the
influence of clouds and rainfall in surface water research. By amalgamating this data with optical
images and incorporating innovative technologies such as drones, a comprehensive solution can
be devised for studying and mapping the current status and fluctuations in surface water resources.
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ABSTRACT

The abnormal increase in landslide occurrences poses significant threats to the resettlement
areas of the Son La hydropower plant, resulting in substantial harm to people and infrastructure.
This paper presents a methodological approach for predicting and identifying landslide risks in
these areas, which is crucial for implementing timely prevention measures. The study integrates four
essential factors: layout methodology, infrastructure type, natural factors and an understanding of the
living environment in the Son La hydropower resettlement areas. Utilizing topographic, geological
and hydrogeological databases alongside historical landslide events, precipitation thresholds and a
comprehensive landslide prediction matrix is established. This matrix categorizes factors, such as
rainfall, weathering crust, slope, etc., into high, medium and low-risk levels. The four-step process
involves building a set of identification criteria, standardizing identification criteria, utilizing the
Analytical Hierarchy Process (AHP) for factor analysis and forecasting landslide risks and landslide
types. Testing application of the method in the Son La hydropower resettlement areas demonstrates
its suitability for defined residential zones with limited natural conditions despite limitations in
scalability for larger regions. Comparisons with similar methods underscore its effectiveness for
specific, narrow areas like the Son La hydropower resettlement site.

1. INTRODUCTION

The landslides seriousness in Son La Hydroelectric is studied and highlighted in some research
(Pham et al., 2015; Nguyen, 2020). A landslide is one of the natural disasters that have a severe
impact on the Son La Hydroelectric Resettlement Areas (HRAs) (Phung, 2022a). Various methods
have been studied and applied in Vietnam to prevent and mitigate the consequences of landslides,
including landslide susceptibility mapping, landslides monitoring and landslide prediction
methods based on numerical models (Gian et al., 2017; Bui et al., 2016; Le et al., 2021; Tran et
al., 2021). However, applying the mentioned study methods under the specific conditions of the
Son La HRAs poses certain difficulties in terms of both technological aspects and the construction
and operation costs. Therefore, it is practically meaningful to develop and implement a landslide
risk identification method that is suitable for the conditions of the Son La HRAs (Phung et al.,
2023b; Phung, 2022b). This study introduces a method for identifying and predicting landslide
risks based on the data layers investigated at 190 landslide points in the study area. Although
methodologically there are similarities with methods for mapping landslide susceptibility, it differs
by not utilizing input maps such as rainfall maps or weathered layers characteristic maps and does
not produce output maps. The core of this method relies on data collected on the probability of
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landslide occurrences related to factors such as annual rainfall, weathering mantle, slope thickness,
gradient and absolute elevation. These data factors are evaluated hierarchically to serve as a basis
for calculating the Landslide Susceptibility Index (LSI) for research targets in the Son La HRAs.

2. THE SCIENTIFIC BASIS OF METHODS FOR FORECASTING AND
IDENTIFYING LANDSLIDE HAZARD

The method is derived from four specific factors: the layout method, infrastructure structure,
natural conditions and understanding of the living area in the Son La HRAs, as detailed in the
references (Phung et al., 2023b; Phung, 2022b; Cruden and Varnes, 1996):

2.1 Landslide risk identification factors

This method aims to predict the landslide risks in the study area by considering factors such
as topography, geology landslide signs, as well as rainfall amounts. Additionally, it anticipates
the types of landslides that may occur by identifying the thickness and mechanical characteristics
of the rock and soil layers within the research area. The factors to be considered are specifically
explained as follows:

2.1.1 Terrain conditions

In the Son La HRAs, terrain plays a crucial role in landslide susceptibility. Field surveys or
available topographic maps, such as 1:10,000 scale maps, DEM (Digital Elevation Maps), Google
Earth and Google Maps, can help identify typical slopes and the extent of areas prone to landslides.
Furthermore, the absolute elevation of residential areas can be determined using topographic
documents and GIS tools.

Analysis of landslide data collected in the study area since the construction and operation of
the Son La HRAs until 2022 reveals that landslide occurrences are not evenly distributed across
different elevation ranges but tend to concentrate in specific elevation ranges (Phung et al., 2023a).
Thus, by determining the absolute elevation of residential areas, it becomes possible to partially
predict landslide risk. In essence, knowledge of the absolute elevation of a location within the Son
La HRAs can help identify the likelihood of landslides when adverse conditions such as rainfall
are present.

The angle of excavation slopes or fill slopes is also a critical factor in landslide risk assessment.
Theoretically, steeper slopes are associated with a higher risk of landslides. Gentler slopes tend
to be more stable, even under unfavorable geological and hydrogeological conditions. Statistical
findings from landslides in the study area indicate that slopes with angles ranging from 8° to 25°
have witnessed the highest number of landslides (Phung et al., 2023a).

2.1.2 Geological and Hydrogeological databases

In the Son La HRAs, where various infrastructure projects, such as civil works and roads,
have been predominantly developed, we possess a substantial collection of geological survey
documents. These survey records are notably comprehensive and detailed, with most drill holes
reaching down to the bedrock layer. Furthermore, during the construction of projects in the area,
the excavation for construction foundations provides a clear depiction of the geological structure
within the resettlement areas. These documents have been gathered for research purposes
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(Phung et al., 2023a). Analysis of landslide occurrences in specific resettlement areas reveals that
landslides primarily manifest in particular types of soil and rock.

Records related to hydrogeological phenomena associated with landslides within the
resettlement area are systematically maintained and updated. For instance, the recurring or seasonal
presence of groundwater on slopes and inclines is documented.

2.1.3 Warning signs appearance

Within the Son La HRAs, unusual signs, the emergence of unusual signs, such as sudden
bulges on roads, foundation settlements,... must be consistently investigated and documented. In
areas with a high risk of significant and hazardous landslides, monitoring the development of these
signs is mandatory. Various methods need to be employed, such as visual observation or modern
monitoring systems. These signs play a critical role in the evaluation and prediction of landslide
possibilities.

2.1.4 Influence of rainfall and domestic water usage on slope failures

In the Son La HRAs, rainfall is a significant factor that triggers landslides. Human activities
have largely depleted the vegetation in this region. Additionally, the weathered layers have
a relatively high permeability coefficient, allowing rainwater to infiltrate into the slopes and
trigger landslides. Research findings indicate that areas with high average annual rainfall tend
to experience more landslides compared to areas with lower rainfall averages (Phung, 2022a;
Phung, 2022b). Specifically, regions with an average annual rainfall of approximately 1,600 to
1,700 mm per year exhibit the highest landslide susceptibility. Conversely, areas with annual
rainfall below this threshold experience fewer landslides.

Residents in Sonla HRAs often have the habit of pouring wastewater from daily activities
directly onto the ground instead of collecting it through ditches or pipes. Consequently, a portion
of this wastewater seeps directly into the ground, while the rest flows over the slopes and gradually
makes slopes saturated. This process results in increasing sliding weight and reducing the shear
resistance of the soil. Research results indicate that each person in this area consumes an average
of around 50 liters of water per day, meaning a household of four uses approximately 200 liters
daily (Phung et al., 2023a). This wastewater saturates the ground beneath the stilt houses and
the slopes behind them. With additional rainfall, the slopes reach a saturated state in just over 24
hours. Statistical data from 2015 to 2022 reveals that up to 90 % of landslides in resettlement areas
occur within a 24 to 36-hour period after heavy rain (Phung et al., 2023a).

2.2 Developing a process for predicting landslide risks and forms

The process of predicting landslide risks in the Son La HRAs is initially built on a
comprehensive understanding of these regions, as referenced in (Phung et al., 2023a, 2023b;
Phung, 2022a). This understanding encompasses specific factors such as layout methods,
infrastructure structures, natural conditions and the unique characteristics of the residential areas
within the resettlement zones, as depicted in Figure 1.

2.2.1 Step 1: Building a set of identification criteria
The landslide identification criteria set is built based on the references in the studies

(Phungetal.,2023b; Phung, 2022b; Cruden and Varnes, 1996). Firstly, field surveys are implemented
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to initially identify areas within the resettlement zone that are at a high risk of landslides. Then,
the relevant factors are considered, including additional investigations. Based on such basics, the
hazard factors related to high-risk areas are identified, such as absolute elevation and angle slope.
These identifications will serve as crucial information for making decisions regarding landslide
risk forecasting and landslide type identification. Secondly, geological and hydrogeological data
are collected from topographical and geological survey documents during the design step of Son
La HRAs. If necessary, additional geological surveys can also be conducted to further clarify
information of concern. From there, identify factors such as colluvium thickness, weathered layer
characteristics, strata, etc. Finally, the average annual rainfall over many years is considered to
determine the relative trend of landslide occurrence and rainfall. Additionally, real-time rainfall
can be used to forecast short-term landslides more accurately. Eventually, a set of criteria to
identify landslide risks is introduced based on factors such as slope angle, the absolute elevation

of the terrain, a weathered cover layer, colluvium layer thickness and average annual rainfall
(Phung et al., 2023a).

2.2.2 Step 2: Standardizing identification criteria
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Figure 1. Flow chart of landslide risk identification process in Son La HRASs.

In this step, evaluation criteria are standardized according to a common scale to allow
for meaningful comparisons. Specifically, each indicator is categorized into three landslide
susceptibility levels: high, medium and low. This categorization is based on collected data
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on landslide locations and statistical analysis for each criterion (Phung et al., 2023a, 2023b;
Phung, 2022a), which determines the sensitivity level of each criterion. The standardized scales
are assigned to each landslide susceptibility level based on Table 1. Since the Son La HRAs
are located in three northern mountainous provinces, the impact factors for landslide risk have
similarities. These factors are standardized in their identification in Tables 2, 3 and 4. In addition,
factors unique to each province of Son La, Dien Bien and Lai Chau, such as absolute elevation and
colluvium thickness, are also standardized and documented in Tables 5, 6, 7, 8, 9 and 10.

Table 1. Classification (identification) scale of landslide susceptibility.

No. Susceptibility level Score
1 High (H) 9
2 Medium (M) 6
3 Low (L) 3

Table 2. Slope angle classification.

Characteristics Hazard classification
High Medium Low
Average slope angle (°) 8-25 3-8; 25-35 <3;>35
Normalized score 9 6 3

Table 3. Average annual cumulative rainfall classification.

Characteristic Rainfall threshold (mm)
High Medium Low
Average annual cumulative rainfall (mm) >1,600 1,500-1,600 1,300-1,500
Normalized score 9 6 3

Table 4. Weathered layer characteristic factor identification.

Characteristics Hazard classification
High Medium Low
Weathering level Completely weathered Strongly weathered Moderate weathered
Normalized score 9 6 3

Table 5. Absolute terrain elevation factor identification for Son La province.

Characteristics Hazard classification
High Medium Low
Absolute Elevation 250-500 (100-250) and (500-1,000) | >1,000 and <100
Normalized score 9 6 3

Table 6. Colluvium thickness factor identification for Son La province.

L. Hazard classification
Characteristics - ;
High Medium Low
Thickness (m) 2-10 <2 >10
Normalized score 9 6 3
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Table 7. Absolute terrain elevation factor identification for Dien Bien province.

Characteristics Hazard classification
High Medium Low
Absolute Elevation 100 - 250 > 250 and < 100
Normalized score 9 6 3

Table 8. Colluvium thickness factor identification for Dien Bien province.

Characteristics Hazard classification
High Medium Low
Thickness (m) 2-10 <2 >10
Normalized score 9 6 3

Table 9. Absolute terrain elevation factor identification for Lai Chau province.

Characteristics Hazard classification
High Medium Low
Absolute Elevation 250-500 100-250 and 500-1,000 >1,000 and <100
Normalized score 9 6 3

Table 10. Colluvium thickness factor identification for Lai Chau province.

Characteristics Hazard classification
High Medium Low
Thickness (m) 2-10 <2 >10
Normalized score 9 6 3

2.2.3 Step 3: Calculating weights

The factors’ weights were calculated using the Analytical Hierarchy Process (AHP) according
to the Saaty-Saaty analytical hierarchy method. The weight calculation is done by dividing each
value in each column of the matrix by the total number of values in that column, which will give
a new matrix with values between 0 and 1. The average on each row of the matrix corresponds to
the weight of the indicator in that row. The pairwise comparison matrix for each criterion is built
based on the opinion of experts according to T.Saaty’s rating scale. The pairwise comparisons
between criteria and the importance of these criterion pairs are assessed to assign priority levels
(aij values) according to the pairwise comparisons, typically using positive integer values
from 1 to 9 or their inverses. This generates a square matrix (n x n), in which the “Total” row is
calculated by each column (as illustrated in Table 12). The evaluation criteria weighting matrix
is created by dividing the value of each cell in the evaluation criteria matrix by the total in
each column. The consistency rate (CR) was calculated using criterion weights and a pairwise
comparison matrix. The values of this index need to be guaranteed to be less than 10 % to ensure
consistency in the evaluation process.

Table 11. Importance evaluation scale for criteria pairs based on the T. Saaty method.

Level Definition Explanation

1 Equal Importance Two factors, A and B, contribute equally

3 Slightly Dominant Importance Factor A is slightly prioritized over factor B in the

contribution
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Level Definition Explanation

5 More Importance Factor A contributes more than B

Factor A contributes significantly more than B,

7 High Importance clearly evident in a specific case.

Factor A demonstrates completely dominates
Factor B
2,4, 6, 8 | Intermediate level between the above levels | Consideration is needed between the two levels

9 Extremely important, completely dominant

Table 12. Matrix for comparing evaluation criteria.

Factor (A) (B) ©) (D) (E)
Slope angle (A) 1 9 3 4 3
Absolute Elevation (B) 0.111 1 1/3 1/3 1/5
Weathered layer (C) 0.333 3 1 1 3
Colluvium Thickness (D) 0.250 3 1.000 1 3
Rainfall (E) 0.333 5 0.333 0.333 1
Total 2.028 21 5.667 6.667 10.2

2.2.4 Step 4: Forecast landslide risk and identify landslide types

The Landslide Susceptibility Index is an index used to assess the susceptibility of landslides.
The LSI value for each HRA is calculated using the constructed identification criteria from Step 2
and their corresponding weights as follows:

LSI = 0.4691xA+0.0462%xB+ 0.1856xC+0.1773xD+0.1219xE (1)

where, A, B, C, D and E correspond to the scoring values of the factors: slope, absolute terrain ele-
vation, weathering crust, residual slope cover and rainfall, which were determined in the previous
steps.

- Predicting landslide risk based on LSI score: According to the standardized scoring in
Table 1, the range of LSI values for assessing landslide susceptibility at resettlement sites falls
within the range of 3.0 to 9.0. Therefore, categorize the sensitivity levels based on the LSI value
ranges as follows: LSI < 5.0 - “Low” risk; LSI=5.0 + 7.0 - “Medium” risk; LSI > 7.0 - “High” risk.
In this step, also consider other relevant information, such as any signs that may affect landslides at
the surveyed locations, based on the information recorded during the field survey in Step 1.

- Identifying the form and scale of landslides: Based on the data collected and analyzed
during the research on landslides in resettlement areas (Phung, 2022a), the following patterns are
observed:

Rotational landslides typically occur in areas with a thick and completely weathered layer,
resulting in large-scale sliding blocks. Translational landslides often occur in locations with a thin
cover on hard ground (base rock) that is weak to moderately weathered, with a colluvium layer
thickness of less than 3.0 m. The sliding block scale in these cases ranges from small to very
small. Compound landslides represent an intermediate state between translational landslides and
rotational landslides, with a moderate-scale sliding block. Compound landslides occur when the
colluvium layer is larger than 3.0 m thick.
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It should be noted that for the specific study sites, all identified criteria can be considered
constant criteria, with the exception of precipitation. Therefore, it is possible to predict landslide
occurrence and landslide form according to rainfall data based on the proposed criteria datasets.

3. RESULTS OF THE METHOD APPLICATION FOR STUDY SITES

To assess the feasibility of the developed method and validate the constructed data, the
research team utilized historical landslide records in the Son La HRAs. The statistical analysis
revealed a strong correlation between the average annual rainfall and the number and type of
landslides in this region based on the proposed dataset. Therefore, the dataset used for preliminary
testing in this study is as outlined below:

3.1 Input data used for analysis and forecasting

The input data used for analysis are referenced from documents (Phung, 2022a, Phung,
2022b). The absolute elevation of the study sites is taken from 30-meter resolution DEMs of Dien
Bien, Son La and Lai Chau provinces. The slope gradient is created based on DEMs. The weathered
layer and geology information are referenced from available documents. The groundwater data
and recorded landslides for the study areas are investigated. Furthermore, the rainfall data used
is the average annual rainfall records from representative rain stations (including Muong Lay
district, Tuan Giao district, Muong La district, Thuan Chau district, Quynh Nhai district, Mai Son
district, Song Ma district, Moc Chau district, Son La city, Muong Te - Nam Nhun district, Sin Ho
district,...).

3.2 Prediction results for risk, form and scale of landslides

Based on the four-step process developed previously and the collected database to determine
factors such as slope, rainfall, weathering cover, absolute terrain elevation and colluvium layer
thickness for numerous locations across the three provinces of Dien Bien, Son La and Lai Chau.
Then, the Landslide Susceptibility Index (LSI) is calculated using Formula 1 for these target sites
in the Son La HRAs. Based on the LSI values and the surveyed danger signs at Step 1, the risk,
form and scale of landslides at these locations are predicted and presented in Tables 13, 14 and
15. Tabs 13, 14 and 15 reveal that the predicted results are generally relatively consistent with
historical landslide records in most study sites except Muong Bu commune. However, there are
notable discrepancies in the type and scale of landslides specifically within Muong Bu commune.
According to the collected historical documents, the majority of landslides in Muong Bu commune
were translational landslides while predicted results are compound landslides. It’s worth noting
that these differences may be attributed to the representativeness of the collected data. Further
investigation and refinement of these data are expected to improve the accuracy of landslide
predictions.

Table 13. Landslide prediction results at resettlement areas in Lai Chau province.

Prediction results
Risk Landslide type Scale

No. Places

A | Sin Ho district

Compound and

Rotational Landslide Medium-Large

I |Nam Han commune High
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No. Places Prediction results
Risk Landslide type Scale
1 |Nam Han | High Compound Landslide Small-Medium
2 |Nam Han 2 High Compound Landslide Small-Medium
3 |Nam Han 3 High Compound Landslide Small-Medium
I {Can Co commune High Compound Landslide Medium-Large
1 |CanCol High Rotational Landslide Large
2 |CanCo2 Medium | Compound Landslide Small-Medium
3 |CanCo3 Medium Compound Landslide Small-Medium
[ |Nam Ma commune High Compound Landslide Small-Medium
1 [NamMal High Compound Landslide Small-Medium
2 |Nam Ma?2 High Compound Landslide Small-Medium
3 [NamMa3 High Compound Landslide Small-Medium
IV |Nam Cha commune High Rotational Landslide Large
1 |[NamChal High Rotational Landslide Large
2 |Nam Cha?2 High Rotational Landslide Large
3 |Nam Cha3 High Rotational Landslide Large

Table 14. Landslide prediction results at resettlement areas in Dien Bien province.

Prediction results

No. Places
Risk Landslide type Scale
: Compound and .
[ |Tua Thang commune High Rotational Landslide Medium-Large
1 | Tua Thang 1 High  |Rotational Landslide Large
2 |Tua Thang 2 High  |Rotational Landslide Large
3 |Tua Thang 3 High  |Rotational Landslide Large
I |Lay Nua commune High  |Rotational Landslide Medium-Large
1 |Lay Nua I High  |Compound Landslide Small-Medium
2 |LayNua?2 High  |Rotational Landslide Large
3 |LayNua3 Medium | Translational Landslide Small
Table 15. Landslide prediction results at resettlement areas in Son La province.
Prediction results
No. Places Risk Landslide type Scale
. . Compound and .
[ |Nam Gion commune Medium Rotational Landslide Medium-Large
1 |Nam Gion 1 Medium | Translational Landslide Small
2 |Nam Gion 2 Medium | Compound Landslide Small-Medium
3 [Nam Gion 3 Medium | Compound Landslide Small-Medium
. Compound and .
I |Muong Bu commune Medium Rotational Landslide Medium-Large
1 |Muong Bu 1 Medium |Compound Landslide Small-Medium
2 |Muong Bu 2 Medium | Compound Landslide Small-Medium
3 |Muong Bu3 Medium |Compound Landslide Small-Medium
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No. Places Prediction results
Risk Landslide type Scale
. Compound and .

[II |Muong Chum commune Medium Ro tagonal Landslide Medium-Large
1 [Muong Chum 1 Medium |Compound Landslide Small-Medium
2 |Muong Chum 2 Medium | Compound Landslide Small-Medium
3 |Muong Chum 3 Medium | Compound Landslide Small-Medium

4. CONCLUSIONS AND RECOMMENDATIONS

Landslides have consistently posed a significant threat to both lives and property in the
Son La HRAs ever since the relocation of people from the lake bed to these resettlement zones.
The most effective strategy for mitigating this threat is to predict landslide risks and implement
appropriate preventive measures. Therefore, this study has leveraged field investigations and the
analysis of historical landslide events to elucidate the nature of destruction and the characteristics
of landslides, considering factors such as rainfall, terrain, geology, slope gradient and weathered
cover layer. This effort has proposed a potential method for identifying landslide risks and landslide
forms for the Son La HRAs.

The method offers the distinct advantage of having all identification criteria already
established, with the exception of the rainfall criterion. Therefore, whenever rainfall forecasts are
available, they can be harnessed to predict the landslide risk. Additionally, the method enables the
prediction of landslide types and scales.

The results obtained through applying this method to Son La hydropower resettlement areas
have been verified based on historical landslide data collected. The results show consistency
between forecast and actual landslides in both form and scale. This integrated approach holds
promise for improving the overall effectiveness of landslide prevention and management strategies
for Son La HRAs.
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ABSTRACT

A Luoi is a mountainous district of Thua Thien-Hue province, Vietnam, with rugged terrain,
steep slopes and many valleys. Every year, A Luoi district bears many risks of natural disasters
such as storms, floods, droughts and especially landslides. This study applied the AHP (Analytical
Hierarchy Process) model with the GIS tool on the input database of Sentinel-2B Image, DEM and
geographic background data to evaluate the influence of 5 factors: slope, elevation, aspect, land
cover and vegetation to generate a landslide hazard zoning map, scale 1:50,000. The results show
that the sites with a high risk of landslides are concentrated mainly in the communes of Hong Kim,
Hong Ha, Son Thuy, Hong Thuong, Phu Vinh and Huong Nguyen. Thereby helping people avoid
and minimize vulnerabilities caused by landslides.

1. INTRODUCTION

Landslides are one of the most popular geological hazards (Chalkias et al., 2014). Landslides
often cause loss of life and property as well as serious damage to natural resources worldwide.
Landslides occur due to natural factors or man-made activities. Natural activities include changes
in climate, such as heavy rainfall, prolonged rainfall, complex terrain, etc. Human activities
consist of changing land use purposes, cutting down forests for farming, changing slopes and
building infrastructure (Zaruba and Mencl, 2014). Landslide risk mapping is necessary to devise
feasible prevention measures and evacuation plans to avoid loss of life and property. Furthermore,
landslide hazard maps greatly help planners in selecting suitable areas for economic development
in any region (Cirianni et al., 2012; Cirianni et al., 2008).

Scientists have been focused on landslide risk topics since the 1970s with many different levels
and approaches (Reichenbach et al., 2018). Varnes and Guzzetti et al. have divided landslides into
5 levels (Varnes, 1984; Guzzetti et al., 2005). Landslide risk assessment methods are divided into
2 groups, qualitative and quantitative, or can be divided into 3 types: heuristic method, statistical
method and deterministic method. For the heuristic method, investigators rank and evaluate the
weights of landslide-causing factors based on the assumption or importance of factors leading to
landslides (Cirianni et al., 2012; Guzzetti et al., 2005; Hansen, 1984). This is a qualitative method,
which is likely to lead to errors due to its reliance on the opinions of experts in determining the
weight of factors causing landslides (Cirianni, 2008; Hansen et al., 1995; Dahal et al., 2008). The
deterministic method belongs to the quantitative method, based on the calculation and analysis of
stable or unstable conditions of the slope. This is a stable and highly accurate method (Cirianni,
2012; Dahal et al., 2008; Pourghasemi et al., 2018). The statistical method is a quantitative method
based on the spatial distribution of factors causing landslides in the past to analyze and make
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predictions about the risk of landslides in the future (Alvioli and Baum, 2016). Among landslide
risk assessment methods, deterministic methods and statistical methods are considered highly
effective and are widely used in current research (Cirianni, 2012). In particular, the deterministic
method can only be applied to small areas because it is necessary to collect detailed information
about the topographic, geological and hydrological characteristics of the slope (Dahal, 2008;
Huang and Zhao, 2018). For large areas, statistical methods are the most common choice (Alvioli
and Baum, 2016). Some qualitative methods become semi-quantitative by combining rankings and
weights (Youssef, 2016; Ayalew, 2005), as is the case with the analytic hierarchy process (AHP),
a multi-criteria decision-making method has been widely applied to solve deterministic problems
(Jazouli et al., 2019).

This method is based on a hierarchical analysis system of related factors and comparisons
between different pairs of factors to be able to assign an appropriate ratio for each factor. Thereby,
it is possible to estimate the weight of each considered factor through the linear correlation of each
factor with other factors. The correlation among various factors has made this method a valuable
tool in the establishment of landslide hazard maps obtained by correlating and comparing a large
number of factors (Saaty, 1990).

Therefore, the management of a large number of correlated factors and estimates to
determine the extent of landslides is carried out, in most cases, through the use of geographic
information systems (GIS) (Ayalew et al., 2005). GIS uses data integration techniques, which are
a highly suitable tool for landslide hazard mapping. In reality, due to the increasing availability
of high-resolution spatial data sets, GIS, remote sensing and high-speed computing, landslide risk
assessment and hazard mapping procedures can become partial automation and, thus, fieldwork
minimized (Saaty, 1990). The reliability of these maps depends largely on the methodology and
available data used to estimate disaster risk. Furthermore, GIS is an excellent and useful tool for
mapping the susceptibility of an area at risk of landslides (Saaty, 1990). In Vietnam, landslides
mainly occur during the rainy season in the Northern mountainous provinces and the Central-
Central Highlands region (Doan et al., 2020). Among them, A Luoi, Thua Thien-Hue province,
in the Central region, is one of the districts that often suffer from many consequences caused by
landslides, causing deaths and damage to plenty of property.

This study aims to establish a landslide risk map for A Luoi district through the AHP model
in a GIS environment, based on 5 characteristic factors: slope, elevation, direction, land cover and
vegetation density. Finally, it is possible to zone sites at high risk of landslides and support people
and local authorities to minimize vulnerabilities.

2. STUDY AREA AND DATA
2.1 Study area

A Luoi is a mountainous district on the western border of Thua Thien-Hue province, with
an area of about 1224.63 km?. A Luoi’s terrain is strongly divided, including two parts, East
Truong Son and West Truong Son, with an average altitude of 600-800 m above sea level and
an average slope of 20-25°. The eastern part of Truong Son has rugged terrain and steep slopes,
with high peaks such as Dong Ngai (1,774 m), Co Pung Peak (1,615 m), Re Lao (1,487 m),
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Tam Voi (1,224 m) (Local Committee of A Luoi district, 2023).

In addition, the weathered crust in A Luoi is highly diverse in depth, structure, geomorphology,
characteristics and origin of chemical-mineralogical and geochemical components. The rainy
season in the study area lasts about 4 months, from September to December, containing about
70-80 % of the total rainfall every year. The rainfall in each month of the year ranges from 2,900-
5,800 mm (Local Committee of A Luoi district, 2023). The hot and humid conditions of tropical
climates strongly affect landslide-related materials, causing rapid weathering processes to take
place, weakening and strongly damaging regolith coatings.
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Figure 1. Location of study.

A Luoi also possesses large resources and vegetation, in which the forest coverage rate in
2010 reached 75 %, average reserve of 6-7 million m?® (Local Committee of A Luoi district, 2023).
However, in recent years, natural vegetation has also been rapidly changed by local deforestation
activities or leaving land bare, so the risk of landslides is very high. Therefore, in this study,
the authors chose 5 typical factors, including slope, elevation, aspect, land cover and vegetation
density, as input data to build the landslides model in A Luoi district.

2.2 Data

A data set used in the project includes a Sentinel 2B satellite image (ESA, 2023) and a
Digital elevation model (DEM) with a resolution of 12.5 m (Alaska Satellite Facility, 2023). The
image was aquired on January 15", 2023 at 10 m of spatial resolution. The ID of the image is
S2B MSILIC 20230115T032059. Bands 2,3,4,8 of the image are employed to classify land
cover and calculate the Normalized Difference Vegetation Index (NDVI). The slope and aspect
maps generated by the DEM. Consequently, 5 factors consisting of slope, elevation, aspect, land
cover and NDVI density are ready to put in the landslide model.

3. METHODS

AHP was developed in the 1970s by Thomas L. Saaty and has since been extensively studied
and is currently used in decision-making for complex scenarios (Bhushan & Rai, 2004). The
application of AHP begins with a problem being decomposed into a hierarchy of criteria so as to
be more easily analyzed and compared in an independent manner. After this logical hierarchy is
constructed, the decision-makers can systematically assess the alternatives by making pairwise
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comparisons for each of the chosen criteria (Saaty, 2008). AHP transforms the comparisons,
which are most often empirical, into numerical values that are further processed and compared.
The weight of each factor allows the assessment of each one of the elements inside the defined
hierarchy. This capability of converting empirical data into mathematical models is the main
distinctive contribution of the AHP technique when contrasted with other comparing techniques.
AHP is applied to generate a landslide probability zoning map for A Luoi district, as shown in
Figure 2.
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Figure 2. Flowchart of estimate landslide model.
3.1 Identifying typical factors to put into the landslide model

Landslides occur due to the resistance of the soil or rock forming the slope against gravity
and landslides occur when gravity is imbalanced. This balance can be changed by both natural and
man-made factors. The factors that influence slope stability are diverse and interact in complex and
dangerous ways (Varnes, 1984). Besides man-made factors, natural factors affect landslides, such
as seismicity, soil strength, chemistry and mineralogy, geology, geomorphology and hydrology.

Identifying the influence of each factor driving landslides or decentralizing the influence
of each factor is based on the properties of the drivers. Based on analyzing the mechanism of
landslide formation and identifying the main causes of landslides, based on analysis of specific
characteristics of the study area and on the basis of previous publications, it is possible to determine
qualitatively the main factors affecting the landslide process of the study area as follows: slope,
elevation, aspect, geology, weathering crust and soil, geomorphology, fault density, river and stream
density, land cover, vegetation density, rainfall and depth of cleavage. From there, we selected 5
typical factors leading to landslides in A Luoi district, Thua Thien Hue province, including slope,
elevation, aspect, land cover and vegetation density to analyze.
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Table 1. Scores of priority to the factors (the higher score, the higher level of priority).

Fators | Slope | Elevation | Aspect | Land cover | NDVI density

Level 1 2 2 3 3
Table 2. Correlated matrix.

Factors Slope | Elevation Aspect Land cover NDVI density
Slope 1 2 2 3 3
Elevation 0.5 1 1 1.5 1.5
Aspect 0.5 1 1 1.5 1.5
Land cover 0.33 0.67 0.67 1 1
NDVI density 0.33 0.67 0.67
Sum 2.67 5.33 5.33 8 8

Table 3. Weight matrix of the factors.

Factors Slope | Elevation | Aspect Land cover NDVI density Weight
Slope 0.38 0.38 0.38 0.38 0.38 0.38
Elevation 0.19 0.19 0.19 0.19 0.19 0.19
Aspect 0.19 0.19 0.19 0.19 0.19 0.19
Land cover 0.13 0.13 0.13 0.13 0.13 0.13
NDVI density 0.13 0.13 0.13 0.13 0.13 0.13

3.2 Generating thematic maps according to each element

The scale for assessing the risk of disasters and landslides, in particular, usually has at least
2 levels and at most 7 levels. The number of levels depends on the objectives, data adequatation
and scale of projects. The risk assessment scale is often expressed in increasing levels as follows:
low, medium and high for a 3-level scale; very low, low, medium, high and very high for a 5-level
scale. This project used the latter when producing the maps.

3.2.1 Establishing landslide risk maps due to the influence of slope, elevation and aspect

DEM is important data for landslide research and supports the generation of the slope,
elevation range and aspect maps using various tools in GIS. There are many types of slopes, such
as slopes in certain directions, North, South, East, West and average slope. Here, we utilized the
average slope and the unit of measurement is degrees. Then, the slope map is thresholded based on
the physical features of the site. In each slope interval, weights affecting landslides are calculated
according to the model’s formulas based on referencing the existing landslide map. Statistically,
the higher the weight, the higher the likelihood of landslides to that factor.

The influence of elevation on landslides is often indirect relationships. Weathering factors
play a crucial role in landslides and are closely related to the altitude of the terrain; for example,
at high altitudes, more erosion occurs, resulting in less weathering depth. The statistics showed
that altitude values in A Luoi district, Thua Thien Hue province, vary from 22 m to 1,800 m.
Terrain with elevation < 300 m accounts for 18.13 %, areas with elevation from 300-900 m
account for 70.09 % and areas with elevation from 900 m to 1,200 m account for 8.88 %. Areas
with altitudes above 1,200 m account for only 2.9 %. The elevation map, after being established
and statistically divided into 5 classes corresponding to the level of its impact on different
landslide risks.
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Table 4. The levels of landslide risks according to elevation.

Levels Elevation (m) Scale of landslide risks Areas (ha) Percentage (%)
1 22 -300 Very low 22,237.26 18.13
2 300 - 600 Low 44.046.02 35.92
3 600 - 900 Medium 41,894.45 34.17
4 900 - 1,200 High 10,883.92 8.88
5 1,200 - 1,800 Very high 3,559.96 2.90

The slop direction has an indirect impact on the landslide process through the relationship
between terrain and climate. Slopes facing the wind have moisture and vegetation cover that differs
from slopes without wind, which also leads to different levels of slope stability. The study area
has aspects from the Northeast to the Southeast, accounting for 45.6 %, the South, accounting for
20.78 % and the direction from the West to the Northwest, accounting for 33.61 %. The aspect map
is divided into 5 ranges corresponding to the level of its impact on different landslide risks.

Table 5. The levels of landslide risks according to aspect.

Levels | Aspect | Scale of landslide risks | Areas (ha) | Percentage (%)
1 North East Very low 27,630.86 22.56
2 South East Low 28,218.51 23.04
3 South Medium 25,447.67 20.78
4 West High 20,724.33 16.92
5 North Very high 20,436.81 16.69

Slope statistics in A Luoi district, Thua Thien-Hue province, show that slope values vary
from 0-75°. Areas with a slope < 18° account for 43.78 %, areas with a slope from 18° to 25°
account for 23.54 % and areas above 25° account for 32.68 %. The slope retrieved map is divided
into 5 threshes corresponding to the level of its impact on different landslide risks.

Table 6. The levels of landslide risks according to slope.

Levels | Slope () Scale of landslide risks Areas (ha) Percentage (%)
1 <3 Very low 6,088.33 4.97
2 3-8 Low 12,077.87 9.85
3 8-18° Medium 35,502.18 28.96
4 18 - 25° High 28,858.75 23.54
5 >25° Very high 40,061.8 32.68

3.2.2 Establishing landslide risk maps due to vegetation density

Studying landslides for the vegetation cover plays a very important role. It is closely related to
the stability of slopes. For areas covered with dense vegetation, large coverage and developed root
systems, the probability of landslides is low and vice versa. Thus, establishing a vegetation map is
critical to landslide research. In this study, vegetation was evaluated through NDVI density maps;
NDVlI is calculated based on the red band and near-infrared band of the Sentinel 2B satellite image,

as shown below.
NIR—-RED

pyy = TRy
NPV = IR+ RED (1

Different NDVI values reflect different plant quality in each pixel. The NDVI index in the
area interested varies from - 0.22 to 0.62 and are thresholded into 5 levels corresponding to the
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landslide risk levels, in which areas with little or no vegetation have a high likelihood of landslides

and vice versa.

Table 7. The levels of landslide risks according to NDVI density.

Levels NDVI Scale of landslide risks | Areas (ha) Percentage (%)
1 042-0.62 Very low 31,106.43 25.30
2 0.34-0.42 Low 46,258.13 37.63
3 0.24-0.34 Medium 30,006.18 24.41
4 0.09-0.24 High 13,146.83 10.69
5 (-0.22) - 0.09 Very high 2,421.64 1.97

3.2.3 Establishing landslide risk maps due to land cover

Sentinel images are used for land cover classification. There are two main classification
methods: supervised classification and unsupervised classification. In the study, the authors used a
supervised classification method and performed classification with types, including Forests, Bare
soils, Water bodies, Impervious surfaces and Agricultures.

In the study area, forest and agricultural areas dominate 54.66 %. Bare soil and impervious
surfaces, especially traffic systems, mainly cause landslides, accounting for up to 33.42 %.
Recently, natural vegetation has been drastically altered by human activities such as agriculture
and timber production; local people clear forests and leave bare soil, so the risk of landslides is
very high. Levels of landslide risks corresponding to land cover classes are presented in Table 8.

Table 8. The levels of landslide risks according to land cover.

Levels Land cover classes Scale of landslide risks Areas (ha) Percentage (%)
1 Water bodies Very low 14,656.85 11.91
2 Forests Low 31,789.87 25.84
3 Agricultures Medium 35,462.9 28.82
4 Impervious surfaces High 28,511.12 23.17
5 Bare soils Very high 12,609.15 10.25

3.3 Establish a landslide probability zoning map

There are many factors that affect the landslide process; however, their roles are not similar.
Therefore, determining the weight of each driver is very necessary. This study determines the
weights by comparing the correlation among influencing factors. Intermediate maps, which are
weight value maps showing the relationship between the landslide process and each factor, are
integrated into GIS to produce a landslide risk zoning map for the study area. The probability of
landslide is calculated in the GIS system for an area based on the following Van Westen formula:

LSI = X1 XiW, 2)
where: LSI: Landslide risk index;
Wj: Weight of the factor j;
Xij: is the score of class i in the factor j;
n: Number of agents causing landslides in the study area.

After considering and evaluating the level of landslide risk, we classify the level of landslide
risk from low level to extremely dangerous level (determine the level of no landslide risk, low risk,
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high risk, corresponds to value ranges), then group the values in the same range together. Then, all
sites on the map in a range face the same landslide risk level.

The above formula adapted for A Luoi district to result in the below equation:
LSI=0.38xA +0.19xB + 0.19xC + 0.13xD + 0.13xE 3)

where: A is a slope, B is elevation, C is aspect, D is land cover and E is NDVI density.

The result is a map of landslide probability with different values on each pixel. Then, the map
is reclassified as 5 corresponding risk levels consisting of very low, low, medium, high and very
high. The thresholds are selected based on statistical value, resulting in a cumulative probability
curve with the following parameters: LSI . =1.15; LSI  =4.84

The intervals are calculated according to the below formula:

LSImax - LSImin  4.84 — 1.15
ATLB = n = 5 = 074‘

4. RESULTS AND DISCUSSIONS

Products of the project are 5 landslide risk maps due to the separate factors and a map due to
integrated all drivers in A Luoi district, as shown in Figure 3 and Figure 4.

Figure 3. Landslide risk maps due to each factor in A Luoi district. A: Landslide risk map
due to slope; B: Landslide risk map due to elevation; C: Landslide risk map due to aspect; D:
Landslide risk map due to land cover; E: Landslide risk map due to NDVI density.

As shown in Figure 4, the landslide probability zoning map in A Luoi district, Thua Thien-
Hue province, Vietnam, includes 5 levels of landslide risk: very low in dark green, low in light
green, medium in yellow, high in orange and very high in red.

Statistical results in Table 9 show that areas with very low landslide risk account for 19.86 %
(corresponding to 24,297.5 ha) of the entire district area, low landslide risk accounts for 19.86 %
(corresponding to 24,297.5 ha) of the entire district. 2.15 % (equivalent to 2635.11 ha), the medium
risk of landslides accounts for 46.55 % (equivalent to 56954.02 ha), the high risk of landslides is
30.02 % (36726.14 ha), the very high is about 1.41 %, accounting for 1724.37 ha).
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The results of landslide risk zoning in the district A Luoi show that the communes identified
as having a very high risk of landslides are Hong Thai, with an area of 495.91 ha, followed by
Hong Kim, accounts for 243.93 ha, Hong Trung 197.61 ha, Dong Son 129.31 ha, Hong Thuong
100.69 ha,...

Areas with high risk of landslides concentrated in several communes, mostly in Huong
Nguyen (4869.4 ha), Hong Ha (4130.97 ha), Hong Trung (2871.23 ha), Hong Kim (2043.71 ha),
A Roang 1625.71 ha, followed by A Luoi, Dong Son, Hong Bac, Hong Thuy, Hong Thai, Hong
Thuong, Hong Van, Phu Vinh, Hong Lam,...

+ Landslide risk at medium level distributed in 3 communes, including Huong Nguyen
commune accounts for 8748.33 ha, Hong Ha commune accounts for 7018 ha, Hong Thuy commune
accounts for 6164.07 ha. In addition, there are a number of communes with large areas of moderate
risk of landslides, such as A Roang, Hong Thai, Hong Trung, Hong Van, Huong Lam, Huong
Phong and Nham.

+ Communes with low risk of landslides are Huong Nguyen, Dong Son and Huong Lam and
very low risk such as Huong Nguyen, Hong Ha, Huong Phong and Huong Lam.

Table 9. Areas according to levels of landslide risks in A Luoi district

Table 10. Area of landslide risk zones by commune in A Luoi district.
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Figure 5. Percentage of area by levels of landslide risks.

Area of landslide risk zones (ha)

Levels Scale of landslide risks Point distance Area (ha) Percentage (%)
1 Very low 1.15-1.89 24,297.5 19.86
2 Low 1.89-2.63 2,635.11 2.15
3 Medium 2.63-3.36 56,954.02 46.55
4 High 3.36-4.10 36,726.14 30.02
5 Very high 4.10-4.84 1,724.37 1.41
122,337.14 100
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Figure 4. Map of landslide probability zoning in A Luoi district.
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Commune Very low Low Medium High Very high
A Dot 444,67 53.93 583.19 499.29 99.00
A Luoi 285.64 52.40 435.40 546.77 5131
ANgo 196.09 45.82 359.08 292.87 374
ARoang 1,179.79 93.06 2,703.19 1,625.71 9.29
Bac Son 128.67 9.72 462.63 466.16 39.27
Dong Son 591.17 281.13 677.80 1,023.18 12931
Hong Bac 607.88 68.39 1,515.64 927.54 438
Hong Ha 2,493.48 17838 7,018.96 4,130.97 68.98
Hong Kim 378.06 4081 147424 20371 243.93
Hong Quang 302.33 7113 19439 3426 0.24
Hong Thuy 1,385.32 49.45 6,164.07 4,082.45 93.67
Hong Thai 872.18 77.63 2,526.11 2011.42 495.91
Hong Thuong 1,171.12 209.31 1,521.05 1,043.76 100.69
Hong Trung 656.55 24.5) 2,846.44 287123 197.61
Hong Van 606.46 36.99 2,02092 137119 54.92
Huong Lam 1,405.05 272.96 2,501.03 924.40 1.00
Huong Nguyen 3,839.21 32751 8,748.33 4,869.40 93.73
Huong Phong 1,861.32 25627 3,664.91 2,290.07 69.81
Nham 829.11 40.63 2,125.43 815.75 341
Phu Vinh 535.46 3481 1,330.52 900.87 1.36
Son Thuy 410.92 101.36 773.55 44676 133
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Figure 6. Area chart of landslide risk zones by commune in A Luoi district.

According to the landslide risk map (Figure 4), sites with a very high risk of landslides are
distributed to the East of the Truong Son range, where the terrain is rugged, has steep slopes, high
mountain peaks and the upstream area of three large rivers consists of Da Krong river, Bo River
and Ta Trach river, specifically in Hong Thai, Hong Thuong, Dong Son and A Dot communes. This
result is completely consistent with the practical situation as mentioned below:

Historical documents indicated that landslides at many mountainous rivers and stream sites
in A Luoi district became more serious after annual rainstorm seasons, threatening people’s lives
and damaging property. Landslide risk points occurred along Highway 49A, passing through Hong
Ha, Phu Vinh and Hong Thuy communes; A Co Pass area, along Ho Chi Minh road through
communes Hong Thuy, Hong Van, Trung Son, Hong Kim, A Ngo, Quang Nham, Son Thuy, A
Luoi town, Phu Vinh, Huong Phong, Dong Son, Lam Dot, A Roang; on the banks of A Sap and Bo
rivers. In addition, there are very high-risk points for landslides on the sides of the Ho Chi Minh
road, the segment through the Peke Pass area (Hong Thuy commune), Hong Kim commune, A
Roang commune and border Quang Nam province; landslide area behind Bot Do market (Phu
Vinh commune), key points on A Co Pass,...

In recent years, landslides have been increasing and the consequences to people, property
and the environment are serious as some following events :

- On September 19", 2013, heavy rains in A Luoi district caused landslides at several sites:

+ Ho Chi Minh road: 8 points were eroded, with a volume of soil and rock of about 1,000 m*.
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+ National Highway 49A from Hong Ha commune to Bot Do intersection: Landslides at
03 points are at Km 67+700, Km73+100 and Km75+150, causing traffic jams long time, with a
volume of soil and rock of an estimated 1,500 m?.

+ 03 bridges in Dong Son commune (Khe Chai Bridge, Khe Triet Bridge, Ti Nghieu Bridge)
collapsed.

+ Underwater dam from village 4 to village 6 in Hong Thuy commune was swept away.

- On October 28™, 2021, due to prolonged heavy rain, more landslides occurred on the sides
of Ho Chi Minh road. Preliminary statistics showed that there are approximately 80 landslide
locations, with soil and rocks spilling onto the road surface, causing traffic jams, including many
locations that have collapsed 4-5 times.

- On October 10", 2022, landslides happened at Km75+150 on National Highway 49.
Hundreds of cubic meters of soil and rock flowed from the slopes, covering most of the road
surface. In the mountainous communes of Dong Son, Hong Thuy, A Roang and some villages in
Hong Thuong and Hong Quang communes, many roads were flooded and water swept soil and
rocks onto the road surface.

- In September 2023, A Luoi district currently has 18 landslide risk points in mountains,
rivers and streams, with hundreds of households affected. Among them, the 4 most critical and
dangerous sites include the Bot Do market area, A Luoi hydropower resettlement area, Tru Phi
village, Hong Thuy commune and behind the People’s Committee headquarters of Quang Nham
commune, affecting the lives of 200 households. Notably, many deep and wide cracks appeared
and stretched hundreds of meters on the high mountain, affecting 105 households living in Tru Phi
village, Hong Thuy commune, two years ago.

The results also indicated landslides in A Luoi district caused tremendous consequences
on every aspect of life, such as loss of farmland, damage to the transportation system, schools,
hospitals, communication system and many other facilities, particularly many deaths. The map
of zoning landslide probabilities supports local authorities and people’s in order to minimize
vulnerabilities. We would recommend some solutions, such as enhancing local people’s education
on landslide awareness, such as recognizing the signatures before a landslide occurs, prevention
measures, evacuation and possibly building an early warning system in sites with high risk of
landslides. Besides, it is necessary to actively green up bare land and reduce human activities that
probably cause landslides.

5.  CONCLUSION

This study has established a map of zoning landslide probabilities in A Luoi district, Thua
Thien-Hue province, Vietnam, due to the influence of 5 typical factors, including slope, elevation,
aspect, land cover and NDVI density, based on the application of the AHP model and integrating
GIS-remote sensing technology.

The landslide risk map classified according to the natural fault method consists of 5 risk
levels: very low, low, medium, high and very high, corresponding to an area of 19.86 %, 2.15 %,
46.55 %, 30.02 % and 1.41 % of the total area of A Luoi district. The areas at high and very high
risk are distributed along Highway 49A, rugged terrain, bare land and spare vegetation cover areas.
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The landslide risk zoning map is a useful tool for the authorities to provide measures
guiding people’s in responding and minimizing damage when landslides occur in A Luoi district.
Furthermore, the research results are also an important reference in land use planning and
environmental resource management, aiming for sustainable development and reducing the risk of
landslides in the locality.

Verification results in A Luoi district using historical data show high reliability, so we propose
that the AHP model can be applied to study landslides in other localities in Vietnam.
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ABSTRACT

Community place names frequently incorporate descriptive words related to the local
environment, including features such as topography and vegetation. Such names also incorporate
keywords relevant to the village'’s cultural and historical background. To build a comprehensive
spatio-temporal database of community-level place names, the author has collected historical place
names primarily from North-Eastern Thailand as well as from surrounding areas in Cambodia,

Laos and Vietnam.

This report details the frequency and distribution of place names that feature vegetation-
derived terms in North-Eastern Thailand and Northern Cambodia. Data, inclusive of word
meanings, is currently being organized in these targeted areas. The analysis shows that the
interpretation and spatial pattern of these place names, especially the early ones, may provide

important information about the vegetative setting of these communities.

1. INTRODUCTION

The North-Eastern region of Thailand and the Northern region of Cambodia share a border
along the Dangrek Mountains that run East to West. Not a few villages located in North-Eastern
Thailand on the North side of the Dangrek Mountains have many place names that are difficult to
translate from the Thai language. For instance, there are some villages on the Thai side that are
labeled as “Ban Ampun”. In this context, “Ban” refers to a village. However, “Ampun” is a proper
noun that cannot be understood as a Thai word. In the 1920s, the RSD, Royal Survey Department,
published maps featuring another village located on the Cambodian side of the neighboring region
across the Dangrek Mountains, which is also denoted in Thai characters as “Ban Ampun”. This
settlement is labeled as “Phum Ampil” in Khmer script on the L7011 series maps dating to the
1960s in later decades. The term “Phum” translates to village, giving “Ampil” a proper noun
identity. The Thai form of “Ampil” in Khmer script becomes “Ampul”, while in Romanized form,
it is “Ampun”, to fit the Thai pronunciation. Thus, we can infer that “Ban Ampun”, located on the
Thai side, originates from the Khmer word “Ampil”, meaning Tamarind (Figure 1). The report
(Nagata, 2022) discussed the potential for understanding village place name meanings on the Thai
side through pronunciation links, despite differing notations between the Thai and Khmer scripts.

Subsequently, over 2,500 positional coordinate-tagged village place names have been
collected, covering not only the Dangrek Mountain area but also Northern Cambodia. Topographic
maps featuring both Khmer and Roman characters were utilized in this endeavor. Many of these
place names describe geographical features and vegetation. In addition, the author has data on about
29,000 village names in North-Eastern Thailand and can extract words that suggest geographical
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features and vegetation.

This study investigates the frequency of vegetation-related words in village place names and

their spatial distribution in North-Eastern Thailand and Northern Cambodia.
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Figure 1. Village name that originates from the same meaning.

2.  MATERIALS

For North-Eastern Thailand, approximately 29,000 village place names in the 1990s were
extracted from the KCC2K database, which is the result of a village-level national survey conducted
by the Thai government (Community Development Department, 1993). This database, however,
does not possess positional coordinates for village-level data. As a result, the author’s surveyed

information was assigned (Nagata, 1996).

Approximately 2,500 village place names were collected from the L7011 series 1:50,000
topographic maps published by the AMS, U.S. Army Map Service, in the 1960s for Northern
Cambodia. The collection currently encompasses the area north of 12.5 degrees North latitude.

The Khmer meanings were interpreted using the dictionary (Headley, 1977).

3. DISCUSSIONS

Edible fruit tree terms commonly found in village names in Northern Cambodia are Tamarind,
Fig, Banana, Gooseberry, Jambolan plum and Mango. Mango, in particular, is frequently used not
on in Northern Cambodia but also in North-Eastern Thailand. Another word, lotus, although not a

fruit tree term, is widely used in village names in both regions.
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Figure 3. Village name containing ‘Bamboo’.

Table 1 displays the word frequency examined in this report for North-Eastern Thailand and
Northern Cambodia. Figure 2(a) exhibits the distribution of villages including the term lotus in
their names, while Figure 2(b) demonstrates the distribution of villages including the term mango.
Despite the similar spatial extent, lotus appears more commonly in North-Eastern Thailand, whereas
mango is over three times more prevalent in Northern Cambodia. Lotus frequently accompanies
terms like “Ban Nong Bua”, or lotus pond village, in reference to water sources such as lakes and
marshes, while mango is highly esteemed as a tree yielding edible fruit.

Some words, such as lotus and mango, are commonly used in place names in both regions,
as shown in Figure 2. Conversely, certain words are rarely used in North-Eastern Thailand. For
instance, the term “Bamboo” is frequently employed in 27 place names in Northern Cambodia but
in only 2 cases in North-Eastern Thailand, as depicted in Figure 3.

Table 1. Number and frequency of villages with specific words in their names.

Word N.E. Thailand N. Cambodia
Lotus 5111 (1.76 %) 18]  (0.71 %)
Mango 436 (1.50 %) 62| (2.46 %)
Bamboo 21 (0.01 %) 271 (1.07 %)
Tamarind 191  (0.07 %) 18]  (0.71 %)
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Word N.E. Thailand N. Cambodia
Ceylon oak 30  (0.10 %) 231 (091 %)
Samrong/Samraong* 151]  (0.52 %) 291 (1.15%)
Sadao/Sdau* 36| (0.12 %) 71 (0.28 %)
Sompoi/Sambuor* 251 (0.09 %) 70 (0.28 %)

*word in Thai/ in Khmer, respectively
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Figure 4. Village names showing similar concentrated distribution.

In certain cases, the term appears in place names in both regions, but its usage is limited
to a smaller area. The Tamarind and Ceylon oak are both examples of this, with the latter being
a valuable timber tree (see Figure 4). In Cambodia, these words are predominantly used in the
North-Western portion of the country and in the Southwestern portion of Northeast Thailand,
including the provinces of Nakhon Ratchasima and Buriram.
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Figure 5. Village name containing “Samrong” or “Samraong”.

Place names that include the term “Samraong” in Khmer and “Samrong” in Thai can be
found in both regions. The distribution of these names in North-Eastern Thailand is broader than
that of Tamarind and Ceylon oak (refer to Figure 5). These distributions imply a similarity in the
initial landscapes during the establishment of the villages. Figure 6 depicts two examples of the
distribution of villages named after beneficial tree species. Both varieties are broadly distributed
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in both regions, although not as frequently as Samrong/Samraong.
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Figure 6. Village names with widely scattered distribution.

Furthermore, it is reasonable to presume that numerous additional names for trees are
frequently used in both regions, although compiling the names of indigenous tree species is
challenging.

4. FUTURE WORKS

Given the Mekong River and its tributaries’ historical role in supporting regional human
mobility for centuries, village place names in Southern Laos, situated on the left bank of the
Mekong, must also be taken into account. It is worth noting that similar to the Khmer-derived
village names on the Thai side, Thai- and Lao-derived village names also exist in North-Eastern
Cambodia (Nagata, 2022). It is essential to consider the meaning of these village names to ensure
the inclusion of all pertinent information in local contexts.

Future research will further investigate the impact of the geographical distribution of villages
with shared names on the reconstruction of their original ecological surroundings and the analysis
of their historical development.

5. ACKNOWLEDGEMENT

Appreciation is given to the Library of Congress for the availability of a number of maps
from its collection. This study was supported by JSPS KAKENHI Grant Number JP19K12700.
6. REFERENCES

Community Development Department (CDD), Thailand, 1993. Muban chonnabot Thai pi 2535
[Villages of the Rural Areas of Thailand, 1992].

Headley R.K., 1997. Cambodian-English Dictionary. Catholic University of American Press.

Nagata Y., 1996. Mapping the Village Database: Spread of Economic Growth to Rural Areas of
Northeast Thailand. Southeast Asian Studies, 33(4), 138-156.

Nagata, Y., 2022. A Spatio-Temporal Study on the Community Level Place Names of around
the Dangrek Mountains Area. Proceedings of the 2022 Pacific Neighborhood Consortium
Annual Conference and Joint Meetings, 27-32.

164 | International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth
and Allied Sciences 2023

PRESENTING OF THE MILITARY TERRAIN ANALYSIS BETWEEN
THAILAND AND MYANMAR’S HISTORICAL BATTLEFIELD,
OVER 200 YEARS (THE 9 -ARMIES WAR) WITH GEO-INFORMATIC
TECHNIQUES

Kittitouch Naksri, Rangsan Ket-ord, Gistada Panumonwatee, Chaiwiwat Vansarochana*

Department of Agriculture, Natural Resources and Environment,
Geography Section Naresuan University, Phitsanulok, Thailand.
*Corresponding author. Email: ChaiwiwatV @nu.ac.th

ABSTRACT

This study applies the Military terrain analysis with the OCOKA concept to remote sensing
and GIS techniques to examine the military situation in Thailand and Burma. The War of the Nine
Armies, which took place over two hundred years ago, was used as a case study. We obtained data
from Google Earth, Google Maps, GIS and historical battle data.

By analyzing the integration of these data, we found that the OCOKA concept can be
effectively applied to geo-informatics technology, mentioned cross-country movement (CCM. This
study serves as an example of how historical data can be integrated with online geospatial data to
provide a more visual representation of past spatial studies.

1. INTRODUCTION

Military terrain analysis is a crucial study that evaluates how a particular operating area
affects a mission using the OCOKA framework. This framework considers the actions of both
the enemy and our forces and how the terrain impacts the outcome of these actions. Even in a
“neutral” area, understanding, predicting and exploiting the terrain can be the difference between
victory and defeat. The U.S. Armed Forces have formalized the connection between the battlefield
landscape and military tactics through the OCOKA process. This concept has also been applied in
many team organizations, including the National Park Service. The OCOKA principle has many
interesting features. We applied this principle to GIS techniques to analyze historical battle data
between Thailand and Myanmar. It originated over two hundred years ago in the western border
area of Thailand and stands for Observation, Cover and Concealment, Obstacles, Key terrain and
Avenues of approach.

The system acronym stands for:

O - Observation and Fields of Fire
C - Cover and Concealment

O - Obstacles

K - Key Terrain

A - Avenues of Approach

The research aims to apply the OCOKA principles to analyze historical war data. To carry
out the analysis, the QGIS program will be used. This approach is considered innovative, as few
people in Thailand use it yet. The research’s primary objective is to explore this method’s potential
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in analyzing war data.

2. STUDY AREA

During the 9-Armies War (1785-1786), Thung Lat Ya in Kanchanaburi Province between
Thailand and Myanmar was a historical battlefield. It is located at 14°08°17”N, 99°23°12”E.
(Wittayarat, 1992; Wyatt, 2003; Thiphakorawong, 2019; Lat Ya Subdistrict Administrative
Organization, 2023)

Banle of Thung Lat Ya {1785-1786], Kanchanaburi Frovende.,
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Figure 1. Topographical map of the study area.

- Data source

Figure 2. Study area (DEM), 1:50,000. Figure 3. Land cover layers.

Based on the desired spatial information about the terrain for a specific military operation,
rules have to be established. In order to achieve this, spatial and topographic data from Google
Earth, Google Maps, GIS and historical battle data have been collected. Let’s analyze their
integration together. A vector data layer is created and a certain amount of spatial digital elevation
model (DEM) data can be found at http://www.mitrearth.org. The data for the study area has been
primarily collected from the topographical map mentioned above.
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3. GIS DATA LAYERS
The topographic map is transformed into data layers using OCOKA principles in QGIS.

- Observation and fields of fire

Figure 4. Created viewshed analysis for observation and fields of fire.

- Cover and concealment
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Figure 5. Thematic layer of land use  Figure 6. Thematic layer of road
and land cover. network.

- Obstacles
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Figure 7. Thematic layer of water bodies.

International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth 167
and Allied Sciences 2023


%20http://www.mitrearth.org

- Key terrain

Conieaur 200 m (3} 1 Slope 230 % (5)
= Lomour 100 =1 (9}
= Copeoar H0m {3)
m Cantoar 20m i)

Comor Imil)

Figure 8. Thematic layer of Figure 9. Thematic layer of
contour map. slope map.

4. METHODS

The knowledge base rules are derived by transforming the GIS data layer information into
rules. Each data layer contributes a parameter or condition that is utilized to form rules and ultimately
reach the final hypothesis. The analysis technique employs the weighted overlay principle based
on the four concepts of OCOKA mentioned earlier. The knowledge base is depicted in Figures 6,
7,8,9 and 15.
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Figure 12. Knowledge base for selection of obstacles.
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Figure 13. Knowledge base for selection of key terrain.

5.  RESULTS AND DISCUSSION

In order to launch an observation site, several parameters need to be taken into consideration.
These include the type of contour map, land use, land cover and the availability of viewshed
analysis. An example rule written in text form may look like this:

IF the contour is equal to or greater than 4 and is at a height of 100 m or more
AND

the land cover is forests (land cover code 2)

AND

the viewshed analysis shows the visibility of more than 70 %

cover and concealment sites. obstructions sites.
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Figure 19. Knowledge base for selection of mobility

6. CONCLUSIONS

Accurate and timely terrain analysis is crucial for the fast-paced mobile battlefield of today.
Conventional techniques need updating with the availability of data products like digital maps and
high-resolution satellite imagery. The interpretation of terrain features through a knowledge-based
approach will prove to be extremely useful for modern-day war planning.

- For Cross County Movement (CCM)

By overlaying each layer of data on top of each other and comparing the results, a Mobility
map can be created to determine the appropriate marching route Baijal, M.R et al., (2018). This
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map can then be compared with the OCOKA principle to ensure that the information obtained is
consistent with the principle. When the map aligns with the OCOKA principle, the Thai army can
ambush from various mountains, as per historical assumptions. The CCM technique can be applied
to transportation and movement in numerous beneficial ways, such as transporting goods, basic
necessities for living and medical and public health units. This would be particularly useful for
people who face various challenges in today’s world.

Figure 20. Mobility of combat units map.
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ABSTRACT

Effective broiler house management is imperative for sustainable and profitable poultry
farming. To optimize broiler house operations, this research examines the combination of Internet
of Things (IoT) technologies, Closed-Circuit Television (CCTV) powered by artificial intelligence
(Al) and wireless sensor networks. The primary objectives encompass cost reduction, loss
mitigation and performance evaluation of feeding and watering devices. This proactive approach
significantly reduces potential losses. Furthermore, the research evaluates cost implications. loT
technology s ability to regulate variables like feed utilization and energy consumption aids cost

reduction. The study's findings offer practical insights for efficient resource allocation.

The combination of loT, Al-powered CCTV and wireless sensor networks presents a
multifaceted solution for holistic broiler house management. The real-time data, predictive insights
and automated controls collectively contribute to cost reduction, loss mitigation and informed
decision-making. By concurrently evaluating feeding and watering devices, the study enhances

farm efficiency and bird welfare.

1. INTRODUCTION

Effective broiler house management is a pivotal determinant of success in modern poultry
farming. The broiler industry has witnessed remarkable growth to meet the increasing global
demand for poultry products. However, this expansion has brought with it a multitude of challenges
that demand innovative solutions. Chief among these challenges are cost control, efficient resource
utilization, disease management and the welfare of broiler flocks. Broiler house management is
a multifaceted endeavor that extends beyond mere oversight of poultry facilities. It involves the
orchestration of environmental conditions, feeding and watering systems, disease prevention and
the overall well-being of the broiler flock. The consequences of poor management are substantial,
ranging from reduced profitability to ethical concerns regarding animal welfare. In response to
these challenges, this research explores the integration of advanced technologies to optimize
broiler house management. Specifically, it investigates the convergence of three transformative
technologies: the Internet of Things (IoT), artificial intelligence (Al) and wireless sensor networks.
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The integration of these technologies offers a multitude of advantages (Chen L. et al., 2019).
IoT-equipped wireless sensors continuously monitor critical parameters within the broiler house
environment, such as temperature, humidity and air quality. Al algorithms, operating on data
collected from strategically positioned cameras, analyze broiler behavior to detect early signs of
stress, disease, or anomalies. These technologies provide comprehensive insights into the well-
being of the broiler flock, allowing for informed decision-making. One of the primary objectives
of this research is cost reduction. IoT technology enables precise control over environmental
variables and resource utilization, leading to significant cost savings (Choosumrong et al., 2022).

Additionally, this research explores the application of Web Application to further enhance
broiler house management. Web Application technology enables the monitoring of broiler house
conditions and operations in real-time through interactive maps and data visualization. It offers a
holistic view of the poultry farm, providing insights into the spatial distribution of environmental
factors, disease outbreaks and the performance of feeding and watering systems. The integration
of Web Applications into broiler house management not only enhances decision-making but also
facilitates remote monitoring and data-driven interventions. This technology empowers poultry
farmers with the ability to assess the health and productivity of their flock and make informed
adjustments to environmental conditions and operational settings. In summary, this research
delves into the integration of IoT, wireless sensor networks and Web Application technologies
to revolutionize broiler house management. These technologies collectively contribute to cost
reduction, loss mitigation and improved broiler welfare. The application Web Application extends
the capabilities of broiler house monitoring, providing a comprehensive solution to the multifaceted
challenges faced in modern poultry farming.

2. METHODOLOGY

In this work, we have developed sensors for testing a system that measures various vital
parameters in the broiler house. These basic sensors include light sensors, temperature sensors,
humidity sensors and ammonia gas sensors. We have developed sensors for testing a system
designed to monitor various critical parameters within a chicken farm facility. The basic sensors used
include light sensors, temperature sensors, humidity sensors and ammonia gas sensors. In addition
to these, we have introduced new sensors to enhance the system. These include sound sensors
and Al-powered closed-circuit cameras. The sound sensors are employed to measure the intensity
of sounds that may arise due to events such as chicken disturbances, potential threats, or hunger.
The functioning of the sound sensors involves detecting sound levels and sending notifications
through LINE Notify in case of louder-than-normal noises. This enables poultry farm operators
to receive real-time alerts and access closed-circuit cameras promptly for visual verification when
notified. This integrated system not only helps in maintaining optimal environmental conditions
but also enhances the overall security and welfare of the broiler flock. The data Communication
will be facilitated using an MQTT Broker, with Node-Red serving as the operational manager for
various tasks once data is received from the sensors. Node-Red allows for the straightforward and
rapid configuration of conditions for notifications, forwarding data to databases, or displaying
information on a dashboard. Another significant aspect of this project involves the development
of object detection using OpenCV and the Python programming language. This system is capable
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of detecting various entities, including humans and animals. Specifically, the program has been
configured to detect dogs and humans. When a person or a dog enters the vicinity of the egg-
laying chicken farm, the system will transmit this information to MQTT, Node-RED and send
notifications via LINE Notify (Choosumrong et al, 2023). This functionality serves to mitigate
potential losses resulting from unauthorized intrusions by dogs or other individuals. The overview
of the entire system is presented in Figure 1.
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Figure 1. Integrated loT, AI and Web Application framework for broiler house management.
2.1 Hardware description
2.1.1 Microcontroller

In this integrated system, the utilization of three microcontrollers, Arduino UNO, NodeMCU
ESP8266 and Raspberry Pi4, plays a pivotal role in ensuring seamless data acquisition, processing
and communication. Arduino Uno, acting as the primary controller, serves as the interface between
the various sensors and the broader network. It is responsible for collecting data from a range
of sensors, such as light sensors, temperature sensors, humidity sensors and gas sensors, which
are fundamental for monitoring critical parameters within the environment. The Arduino Uno
gathers this data, converts it into a format suitable for transmission and then communicates with
the secondary controller, the NodeMCU ESP8266, via serial communication.

The NodeMCU ESP8266, a compact yet powerful Wi-Fi-enabled microcontroller,
takes center stage in facilitating wireless communication and connectivity to the broader IoT
infrastructure. Its role is twofold: first, it acts as a bridge connecting the Arduino Uno to the Wi-Fi
network, enabling the transmission of data to external servers and services. Secondly, it provides
the means to establish secure connections with an MQTT broker, a central hub for data exchange.
Through the MQTT protocol, the NodeMCU ESP8266 efficiently transmits the data collected by
the Arduino Uno to a centralized MQTT broker.

The Arduino Uno and NodeMCU ESP8266 together form a robust and efficient data
acquisition and transmission system. The former excels at sensor interfacing and data aggregation,
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while the latter leverages its Wi-Fi capabilities to establish connections with external networks and
services. This synergistic partnership enables real-time data monitoring and seamless integration
into the broader Internet of Things ecosystem, making it a versatile and adaptable solution for
various applications, including environmental monitoring, industrial automation and smart
agriculture, among others.

Incorporating the Raspberry Pi into the system introduces a powerful dimension of visual
intelligence and real-time object detection. The Raspberry Pi serves as the central hub for camera
interfacing and object recognition, leveraging the capabilities of the OpenCV library. Raspberry Pi
assumes the role of a dedicated computer vision unit connected to a webcam. This setup enables real-
time monitoring of the surroundings for specific objects of interest, namely humans and dogs. The
OpenCV framework, running on the Raspberry Pi, provides the essential tools for object detection
and tracking. As soon as the camera identifies these objects within its field of view, the Raspberry Pi
processes the visual data, extracts relevant information and triggers immediate actions.

2.1.2 Sensor

As mentioned before, the basic sensors used include light sensors, temperature sensors,
humidity sensors, ammonia gas sensors, sound sensors and Webcam. Light sensor we are using
Photosensitive Resistor Sensor Module Light Detection Light Sensing. For temperature and
humidity sensors, we are using DHT22. The MQ-137 is a gas sensor module that is primarily used
for detecting ammonia (NH3) gas in the air. The KY-037 High Sensitivity Sound Sensor Module
is an electronic component designed to detect sound or acoustic signals in its surroundings. It is
commonly used in various electronics projects and applications that require sound detection or
audio sensing capabilities.

2.2  Monitoring System
2.2.1 Message Queuing Telemetry Transport (MQTT)

Message Queuing Telemetry Transport (MQTT) is a lightweight, efficient and widely used
messaging protocol designed for reliable communication between devices and applications in
situations where network bandwidth and device resources may be limited. MQTT was developed
by IBM in the late 1990s and has since become an open standard with multiple implementations
and broad industry support.

MQTT is an open-source pub/sub communication protocol. It is most commonly run over
TCP/IP stack, but there are MQTT implementations that use other protocols (e.g. Bluetooth). Since
the protocol handles more than “Message Queuing” and “Telemetry Transport”, the term MQTT
is commonly used as the protocol’s name instead of being thought of as an acronym for a longer
name. The pub/sub model is at the core of MQTT communication. Information is organized by
topics. Client devices can publish data to a topic to send messages to any subscribers. Similarly,
clients can subscribe to a topic to be notified when a message is published.

2.2.2 Node-RED

Node-REDisanopen-source, flow-based developmenttool that provides a visual programming
interface for connecting and automating devices, APIs and online services. It is particularly popular
in the field of IoT and is used to create flows that can handle data transformation, communication
between devices and the integration of various software and hardware components. Node-RED
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plays a central role in this work by providing an intuitive, adaptable and interactive platform
for configuring and managing the system’s parameters. It empowers users to take control of the
system’s behavior, enabling them to tailor it to their specific needs and ensuring that notifications
sent via LINE Notify align precisely with desired criteria and conditions. This user-centric
approach enhances the system’s usability and responsiveness, making it a valuable tool for a range

of applications, from IoT management to automated alerting and beyond.
2.2.3 LINE Notify

At present, almost of Thai people who have smartphones are using LINE to communicate
more than Sky, Email, etc. LINE in Thailand nowaday reaches 50 million users, ranking itself
as the number one and most trusted smartphone application for daily use. Especially during the
COVID-19 pandemic, LINE stresses its positioning as an infrastructure for all living aspects in
the digital era. LINE also sees huge growth in various dimensions as a communication feature,
lifestyle and business services platform a solid proof of the transformation of all Thais to become
“Digital Citizens” who can use the digital platform to bring their living to the next level under
the Life on LINE concept. In this work, we employ LINE Notify to alert the user in the event
of an abnormality in the boiler house. LINE Notify is a messaging service provided by LINE
Corporation, the company behind the popular LINE messaging app. LINE Notify allows users
to send customizable notifications and alerts from various web services and applications to their

LINE messaging app.

3.  RESULT

Figure 2 shows the system developed utilizes a power source derived from solar energy. This
choice is particularly advantageous for certain farmers who may not have access to a conventional
electricity supply or seek to reduce operating costs. Installation of the developed prototype is
straightforward, convenient and swift. The system components, as illustrated in the image,
represent an example of the system’s composition and its application in a poultry farm. These
components include a breaker, solar charger, a power inverter (12V to 220V) and a pocket Wi-Fi
device. The breaker serves as a protective component in the system, ensuring electrical safety. The
solar charger harnesses solar energy, converting it into electrical power for use within the system.
The power inverter transforms the generated power from 12V to 220V, enabling it to be used for
various applications. Lastly, the pocket Wi-Fi device facilitates wireless communication, allowing

for remote monitoring and control of the system’s functions.

This system design is particularly advantageous in agricultural settings where access to a
conventional power grid may be limited or impractical. It offers an efficient and sustainable means
of powering essential equipment and devices, ensuring reliable operation while minimizing energy

costs.
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Figure 2. System experiment (a) is a solar power supply equipment, (b) is a hardware device to
collect the data and (c) is inside the chicken house.

A webcam with a Raspberry Pi can detect and count the objects and then send the data,
including image capture and number, through an MQTT broker. The MQTT broker connected with
Node-RED will store the number in the database using PostgreSQL and at the same time, it will
send image captures to the server. The user not only gets the notification from LINE Notify but can
also see the real-time monitoring on the web interface, as shown in Figure 3.

(@) (b) (©
Figure 3. Al-driven CCTV system (a) is a webcam with Raspberry Pi, (b) is a backend
experiment system and (c) is a near real-time dashboard on a web application.

This system can operate on a 24-ampere battery throughout the night. Data transmission to
MQTT is scheduled to occur every hour. The low-cost sensors developed as part of this system can
reliably read and transmit data without any loss during transmission. Wireless sensors, equipped
with IoT capabilities, continuously monitor essential parameters such as temperature, humidity
and environmental conditions. Simultaneously, Al-powered CCTV cameras analyze bird behavior,
detecting signs of stress, disease, or anomalies. This combined data provides comprehensive
insights into the well-being of the flock. An integral component of the study involves comparing
feeding and watering devices. Performance evaluation considers factors like feed consumption
rates, water availability and operational efficiency. By leveraging data from [oT sensors and Al-
driven CCTYV, the study offers informed recommendations for optimal device selection. Remote
monitoring through IoT technology empowers farmers to access real-time data, facilitating timely
adjustments to environmental conditions. Automated controls further ensure precise management,
contributing to broiler growth and well-being. The integration of Al-powered CCTV extends
beyond health monitoring. It detects aberrant behaviors, enabling early intervention and disease
prevention. This proactive approach significantly reduces potential losses. Furthermore, the research

International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth 177
and Allied Sciences 2023



evaluates cost implications. IoT technology’s ability to regulate variables like feed utilization and
energy consumption aids cost reduction. The study’s findings offer practical insights for efficient
resource allocation. The Webcam developed for this system may exhibit occasional inaccuracies
in detecting certain objects. Further development may be required to enhance its accuracy in the
future.
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ABSTRACT

Flooding is regarded as a serious issue that significantly affects people’s lives. Resources
and national assets given Thailand’s geography, position and natural diversity. Thailand thus
deals with flooding on a constant basis when planning for environmental restoration, particularly
threats brought on by flood problems, etc. A prototype water level sensor device will be studied
and developed in this project to analyze and alert a flood risk scenario in 3D simulation will be

investigated and created on web GIS applications.

The development of this prototype water level sensor device involves the application of
geoinformatics and Internet of Things (IoT) technology, including the design and creation of a
database. This utilizes sensors and devices connected to the Internet to collect and send data to
an analysis system, displaying the results in a three-dimensional format on an online map system
(Web GIS). This allows relevant organizations or stakeholders to use this prototype device for real-
time monitoring of water level situations. The IoT prototype device was developed for two main
purposes: 1) to develop loT devices integrated with Big Data analysis and 2) to develop an online
map for displaying real-time data from monitoring devices. The results of this research show that
it is possible to develop a prototype sensor device capable of measuring water levels and sending
real-time data to a database server, enabling analysis, notification and visualization in the form
3D simulation that can be displayed in Web GIS Application.

In conclusion, the combination of loT, Spatial data and geoinformatics for developed
water level measuring sensor prototype equipment. Water level sensor, the produced prototype
equipment can evaluate and detect water levels and the data may be shown in real-time via web
GIS application. The findings from this research can support relevant organizations or stakeholders

in monitoring water levels that are at risk of flooding in a particular area.

1. INTRODUCTION

The problem of natural disasters in Thailand can be considered a significant disaster issue
that has persisted from the past to the present. Currently, especially during the late monsoon
season from August to November, heavy and continuous rainfall occurs, leading to flooding issues.
Thailand’s geographical location in the tropical region exposes it to the influence of monsoon rains
according to seasonal patterns. Additionally, the central region, characterized by low-lying areas,
is particularly prone to flooding. Therefore, Thailand consistently faces the tendency for flooding.
“Large floods have happened several times, producing huge effects on the people, numbering in
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the millions, as well as considerable damage to the economy and society as a whole. Here are
several examples: Flooding occurred in more than 40 provinces in 1942. A large flood occurred in
the northern, central and northeastern areas in 1995. The most severe flood was probably in 2011
when water inundated more than one-third of the nation. The losses were enormous. Even in 2021,
a major flood affected 44 provinces. Flooding will strike roughly 69 regions in Thailand in 2022.
Natural disasters occurrences caused by global climate change have shown an increasing tendency
of disasters each year. This has had a huge impact on Thailand, inflicting substantial damage to
the agriculture, production, commerce and tourist industries. Property and human. Furthermore,
there is damage to the country’s infrastructure, such as roads deteriorating from flooding, bridges
collapsing and airports being damaged. The risk of disease outbreaks due to water accumulation on
the roads is also a concern. Various activities come to a halt, significantly affecting the economy.
This can be seen as having a worrisome impact on both the population and the country.

Over the past several years, it has been observed that Internet of Things (IoT) technology
has rapidly grown and played a significant role in various sectors. It is a widely recognized and
utilized technology with the potential to analyze, predict and mitigate the occurrence of natural
disasters in different areas. This is achieved by using sensors and devices connected to the
Internet to collect and transmit data for further analysis. Through the process of ideation and
design using the principles of spatial data, which emphasize analyzing and utilizing spatial data
for decision-making and problem-solving, we aim to develop a prototype sensor device for water
level measurement. Subsequently, data from the sensors will be transmitted over the Internet to be
analyzed and stored on a server, presenting the information in a three-dimensional model on an
online mapping platform. This enables monitoring and tracking of water level situations that are
at risk of flooding in the area.

According to the preceding debate, the topic of natural disasters in Thailand is a major problem
that demands immediate resolution as well as the investigation of preventative or developmental
methods that incorporate various technologies and innovations. Therefore, in this research, the
investigators will study natural disaster occurrences in Thailand and develop a prototype water
level sensor device for analyzing and alerting about risk situations of potential disasters in a three-
dimensional model on an online mapping platform. The research will encompass the development
of IoT devices along with the analysis of Big Data to provide real-time analysis and visualization
using Digital Twins, which can be displayed in a Web GIS format. This aims to support relevant
agencies and stakeholders in utilizing the model to monitor real-time water levels at risk of flooding,
effectively mitigating the impact of disasters in the future.

2. METHODOLOGY AND METHODS

In this study, we developed a sensor for testing a system for measuring water levels. It
combines Internet of Things (IoT) technologies and database administration. The sensors utilized
have the following features.

This water level measuring device is a prototype that was created to test water level readings
in flood-prone locations or river basins. The device functions on solar energy via a solar cell and
offers notifications for rising water levels in areas in danger of floods via an alert light. Furthermore,
utilizing MQTT, this sensor prototype sends data to a server database via the Internet, linking the
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prototype device to the database system. Following that, the data supplied from the prototype
device is evaluated and a Web GIS is developed to show the information in the form of a 3D
simulator using the R language’s ray shader software, allowing the data to be viewed on a web
GIS Application.
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Figure 1. Integrated IoT and Web GIS application framework for developing water level
measuring sensor prototype.

The operating principle of this prototype is that the sensor will measure the water level.
When the water level exceeds the specified standard or height, it will notify you through a red-light
signal to indicate that the water source in that area is higher than the standard. The data is then
sent to the real-time database system. The ray shader program retrieves data from the database to
analyze water level results and create a 3D model for display on an online map. The map displays
the prototype’s coordinates, device status, operation and real-time measurement results. The
equipment utilized in building the water level sensor prototype in this study focuses on using low-
cost sensors that can efficiently function according to the defined objectives and specifications.

2.1 Components
2.1.1 WeMos D1 R2 V2.10 Wifi ESP8266 Arduino

In this research, a prototype device has been developed using a microcontroller board, WeMos
D1 R2 V2.10 WiFi ESP8266 Arduino. The ESP8266 D1 R2 WiFi board utilizes the ESP8266

WiFi-enabled processor and puts it onto an Arduino Uno board footprint. It provides a way to

International Symposium on Geoinformatics for Spatial Infrastructure Development in Earth 181
and Allied Sciences 2023



work with the ESP8266 in a familiar setup and does not require a breadboard in order to make
interconnections since it has the typical on-board female headers. It will also work with some
Uno shields that have compatible I/O pin-outs. This board was originally produced by WeMos.
This board is the 2™ generation R2 compatible version. There is also an earlier R1 version, which
uses a different pin-out on some of the I/O. The pin-out on the R2 version was made to be more
compatible with the NodeMCU pin-out. If working with examples, you may need to reassign some
pins depending on which version you are working with. One of the images shows the difference in
the pin mappings between the two versions.

Figure 2. WeMos D1 R1 Pinout.

A great feature of this board is that, in addition to the normal female headers for bringing
out I/0O, each female header has a row of holes next to it to which soldered male headers, a second
row of female headers, or even wires may be attached. These can be soldered to the board’s top or
bottom side. The board has a strip of male headers that are generally soldered to the board’s top
side. The board cannot be installed directly into a breadboard if the male headers are soldered to
the bottom of the board because the various pieces of headers on one side are not spaced apart on
0.1centers and the holes are offset significantly.

2.1.2 TF-Luna ToF LiDAR Module

In this research, the selected sensor for measuring water levels is TF-Luna ToF LiDAR
Module - 8 meters Distance. TF-Luna is a single-point ranging LiDAR, based on TOF principle.
With unique optical and electrical design, it can achieve stable, accurate and highly sensitive range
measurement.

" - MM
gk = -

Figure 3. Tf-Luna ToF LiDAR Module with a process of working.
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The product is built with algorithms adapted to various application environments and adopts
multiple adjustable configurations and parameters so as to offer excellent distance measurement
performances in complex application fields and scenarios. TF-Luna is based on TOF, namely, the
Time Of Flight principle. It emits modulation waves of near-infrared rays on a periodic basis,
which will be reflected after contact with an object. The LiDAR obtains the time of flight by mea-
suring the round-trip phase difference and then calculates the relative distance between the LIDAR
and the detected object.

2.1.3 Web GIS

In this study, we created a Web GIS to show the sensor data outcomes. Web Geographic
Information Systems (WGIS) are GIS that use the World Wide Web to store, visualize, analyze and
distribute geographical data via the Internet. The World Wide Web, or the Web, is an information
system that hosts, shares and distributes documents, pictures and other material via the Internet.
Web GIS is the use of the World Wide Web to ease GIS processes that were previously done on a
desktop computer, as well as the sharing of maps and spatial data. While the terms Web GIS and
Internet GIS are frequently used interchangeably, they are not the same thing. Web GIS is a subset
of Internet GIS, which is a subset of distributed GIS and so on.

Figure 4. OGC standards help GIS tools communicate.

3. RESULT AND DISCUSSION

The research on the development of a prototype water level sensor device for analyzing and
alerting to risk situations of natural disasters in a three-dimensional model on an online map focuses
on developing the prototype device and displaying data on a web-based system. This integration
aims to integrate geographical information science and Internet of Things (IoT) technology to
address issues related to natural disasters. The research objectives are as follows.

1. To develop IoT devices along with Big Data analysis.
2. To develop an online map for real-time display of data from monitoring devices.
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Figure 5. The results of the water level data measurement and validation using loT.

Evaluating the accuracy of data collected using the IoT involves assessing the reliability and
precision of the measurements obtained from the sensor. To do this, you can follow a systematic
approach that includes calibration, testing and validation. Calibrate the LiDAR sensor in the
environment where it will be used. Take into account factors including temperature, humidity and
ambient light conditions and Compare the measured distances with the actual distances to assess
the accuracy of the LIDAR module.

The research and development process began with a review of fundamental facts on flooding
problems in Thailand, the elements that contribute to them and monitoring. This includes researching
several sensor technologies that may be utilized to create a water-level sensor prototype. Examining
the tools, reviewing software program circumstances and referencing current research was also
part of the study. This prototype was successfully constructed using the discussed approach and is
capable of presenting data via an online mapping system.

4. CONCLUSION

This project presents an idea that emphasizes technological innovation to develop a
prototype sensor device capable of efficiently and accurately measuring water levels. Displaying
data obtained from the sensor on an online map allows users to access information quickly and
report on the situation in a timely manner. We are committed to creating technology that benefits
society and promotes the efficient use of water resources. Simultaneously, we strive to enhance
measurement and data analysis to enable efficient and sustainable water resource management.
Utilizing online maps as a platform for presenting data is a tool that can lead to improved decision-
making and systematic prediction and analysis for effective water resource management.
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ABSTRACT

In recent years, urbanization and population have been increasing rapidly in coastal
areas of Vietnam. Various development projects are carried out along the coastal areas, putting
significant pressure on these areas leading to many coastal hazards such as coastline erosion,
saltwater intrusion, seawater pollution,... Continuous monitoring of urbanization in coastal areas
is essential to monitor the loss of natural areas due to urban development and to support planning
activities, helping local authorities to raise awareness of environmental protection and people's
safety. These issues and concerns are the main focuses of this research.

This study applies two methods to assess the effects of urbanization through land use change
and coastline change in Rach Gia, one of the country's fastest-growing cities in recent decades: (1)
Assessment of land use changes: The study utilizes medium-resolution Landsat satellite imagery (30
m) observed at multiple time points from 2010 to 2020. An advanced machine learning method, the
Support Vector Machine (SVM) algorithm, is employed to estimate land use area in conjunction with
population survey data. The results demonstrate the proportion of urban land use and urban land
use density relative to population growth rates, thereby confirming the influence of urbanization on
land use patterns.(2)Assessment of coastal shoreline changes: A series of Landsat satellite images
are used to detect changes and fluctuations in the Rach Gia coastline. The technology interprets
coastal changes using calculation indices, threshold images and shoreline analysis, integrated
within the ArcGIS environment via the DSAS software provided by the United States Geological
Survey (USGS). Coastal changes are evaluated using a five-year cycle change index, including
erosion and accretion processes from 2010 to 2020. The coastal change index is quantified by
three functional analysis variables within DSAS: End Point Rate (EPR), Nearshore Movement
(NSM) and Linear Regression Rate (LRR). These variables clearly illustrate the dynamics of the
Rach Gia coastline during the study period. The research results demonstrate the advantages and
reliability of the research methods and their ability to effectively and timely support the assessment
of changes resulting from urbanization in coastal areas.

1. INTRODUCTION

Currently, urbanization and rapid population growth are occurring in coastal areas of Vietnam.
Many different development projects are implemented along coastal areas, putting significant
pressure on these areas, leading to many coastal hazards such as shoreline erosion, saltwater
intrusion and affecting water quality, water quantity,... Regular monitoring of urbanization of
coastal areas is essential to monitor the loss of natural areas due to urban development, support
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regional planning activities and help local authorities in environmental protection and safety.

Remote sensing satellite data are commonly used to analyze changes in urbanization and
can provide more information quickly. Several studies using satellite data have demonstrated its
effectiveness in understanding various urbanization processes (Guo et al., 2012; Coskun, Alganci
and Usta, 2008; Mohan and Kandya, 2015; Sharma and Joshi, 2016). Remote sensing technologies
have the ability to provide information over a large area on a repeated basis and are therefore useful
in identifying and monitoring areas of urbanization and affecting shoreline change by urbanization.
Currently, these technologies are indispensable when developing appropriate action plans for the
development of coastal areas. Users and policymakers can easily access the information provided
in digital format for various applications and decision-making purposes.

In a review of the literature covering the issues of urban remote sensing and data fusion
(Gamba, Dell’Acqua and Dasarathy, 2005), it is shown that nowadays, the increasing availability
of remote sensing data sources has promoted the development of urban remote sensing. Data from
these satellites helps improve the ability to detect small changes as well as rapid urban expansion to
easily distinguish types of urban landscapes, especially in dense cities and heterogeneous land use.
These issues and concerns are the focus of our research. Overall, effective approaches to exploit and
research the urbanization process from optical image data to support rapid assessment of landscape
changes to serve urban planning and management decisions for the towns on the coast of Vietnam.

2. STUDY AREA

Rach Gia city is a coastal city. The city has a fast development rate. The city is one of the cities
with developed economic and tourism activities in the country. The city’s location typically includes
both mainland and islands with coastal biosphere reserves. Implementing the strategy for sustainable
development of Vietnam’s marine economy until 2030, with a vision to 2045, Rach Gia focuses on
investing in developing industrial parks and coastal urban areas (https://Rachgia.Kiengiang.gov.vn/).
However, the rapid urbanization process has created multifaceted pressures and is one of the causes
of changes in the coastal landscape and environment. The coastal landscape is rapidly changing
due to the construction of urban infrastructure to serve commercial, service and tourism activities.
Therefore, studying the urbanization process in this city is very important.

Figure 1. Study area: Rach Gia city.
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3. DATA

Population data of Rach Gia city in 1989, 1999, 2009 and 2019 were collected (https://www.
gso.gov.vn/dan-so/). In 2005, we collected population data from the Decree establishing Rach Gia
city of Kien Giang province (97/2005/ND-CP). We estimate the population to obtain analytical
data as follows: First, we calculate the population growth rate in the periods from 1989 to 1999,
from 1999 to 2005, from 2005 to 2009 and from 2009 to 2019 to 2020. Next, using the population
growth rates for the respective periods, we estimated the population in 1990, 1995, 2000, 2010,
2015 and 2020 to match the selected Landsat image. For example, the growth rate calculated for
1989-1999 was used to estimate the population in 1990 and 1995. The same goes for the years. The
exception is 2020, where the growth rate of the previous period (2009-2019) is used.

Selected Landsat images are used for land use classification and shoreline change monitoring
(Table 1).

Table 1. Landsat data used in study areas.

Satellite data Band Path/Row Resolution Acquisition Date
Landsat 5 B1-B7 126/53 30 m 05 December 1990
Landsat 5 B1-B7 126/53 30m 26 December 1995
Landsat 5 B1-B7 126/53 30m 23 December 2000
Landsat 5 B1-B7 126/53 30 m 12 June 2005
Landsat 5 B1-B7 126/53 30 m 09 May 2010
Landsat 8 B1-Bl11 126/53 30 m 17 December 2015
Landsat 8 B1-BIl 126/53 30 m 20 May 2020

4. METHODS
4.1 Image processing

All the Landsat imageries were pre-processed to the land surface reflectance using the
FLASSH tool by choosing relevant sensor types (TM of Landsat 5 and OLI of Landsat 8), date, time
of image acquisition and atmospheric (tropical) and aerosol (urban) models. The corresponding
sampling data sets were selected and validated from various sources: (1) a geographic database
established from aerial photos and verified by field surveys in 2005 and 2010; (2) topographic
maps provided by the Ministry of Natural Resources and Environment (MONRE) for 2015, 2020
and (3) reference to Google’s historical cloud-free images data in other years.

4.2 Changes in urban area

Four main land use types are selected for classification: agricultural land, bare land,
residential, water and cloud cover image layers are classified for each selected Landsat image. The
Support Vector Machine (SVM) (Ben-Hur et al., 2001) machine learning classification algorithm
is used to classify land use. SVM is a non-parametric supervised machine learning algorithm based
on the Kernel function, making spatial transfer methods more flexible. This method is widely
used and reliable to classify satellite images (Mountrakis, Im and Ogole, 2011; Sheykhmousa
et al., 2020). In contrast to deep-learning approaches that require many samples (Zafari, Zurita-
Milla and Izquierdo-Verdiguier, 2019), SVM requires a small number of samples. This method
is very suitable for classifying time series of images when sample data is not always available.
SVM is also recommended for urban area classification and object detection as it achieves
comparable accuracy compared to other machine learning methods (Turker and Koc-San, 2015;
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Mboga et al., 2017). The research area is Rach Gia city, which has heterogeneous land use types.
Accordingly, SVM provides a hierarchical process to shorten processing time without reducing
result accuracy (Quang et al., 2020). We set the Kernel style SVM options of the basic radial
function, the Gamma in the Kernel function to 0.27 and the Penalty parameter (C) to 100. There
are 120 sample regions taken per image and 30 test regions taken to classification model of each
image (calibration) and evaluate the results (validation).

The level of accuracy of land use classification was evaluated based on the most common
method of assessing accuracy using error matrices. It will calculate the accuracy of measurements
on a sample of pixels with known values compared to the corresponding classification on reference
land use map data, including Overall accuracy (OA), Omission errors (OE), Commission error (CE)
and kappa coefficient (K) (Congalton, 1991). Accuracy overall is the simplest and one of the most
frequently used measures of accuracy. Identification error represents the probability that a pixel
is classified. In contrast, omission error represents the percentage of a certain class is incorrectly
identified on the map (Chen et al., 2013). Kappa is an index that estimates the correlation between
two data (Landis and Koch, 1977; Jensen, 2005). Kappa is defined as:

(PO_PC): S/(n_Pc) (1)
(1 — P, c) (1 — P c)

where, PO is the overall accuracy, which is the ratio of matched pixels and the total number of

K =

compared pixels (n); Pc is the probability of random agreement, expressed as:

Pcz(a1*ba+ao*bo)

2)

(n*n)
where, a, and b, are the pixels of built-up area on classified images and ground-truth data, re-
spectively and a and b are the pixels of other classes on classified images and ground-truth data,
respectively. K> 0.80 represents a strong agreement, 0.60 <K < 0.80 represents a substantial agree-

ment, 0.40 <K < 0.60 represents a moderate agreement and a value K < 0.40 represents a poor
agreement (Landis and Koch, 1977; Jensen, 2005).

Finally, the land-use categories and associated area statistics for every five years from 1990
to 2020 for Rach Gia city were refined to remove rough-classified errors, mapped and displayed
on ArcGIS.

4.3 Shoreline changes influenced by urbanization

After collecting data and pre-processing the data (1), we calculate and produce The Modified
Normalized Difference Water Index (MNDWTI ) index image (2) (Vu et al., 2019). From the index
image, we proceed to select thresholds and separate water, smooth and delete objects not related
to the study, separate shorelines from year to year and build a baseline. The DSAS tool is used to
create cross-sections to calculate the change of the shoreline using the NSM model (Net Shoreline
Movement), that is distance (m) between the oldest and the youngest of the shoreline. The EPR
model (End Point Rate) is the endpoint rate simply calculated by dividing the NSM distance
(m) by the number of years between those two shorelines. The Linear Regression Rate (LRR)
determines the linear regression rate of change determined by fitting a least squares regression
line to all shoreline points of a transect. The linear regression rate is the slope of the line (which
represents the rate of coastline change) [18]. Models are built in the DSAS tool (3) and integrated
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into ArcGIS software. Finally, analyze and evaluate the results (4) (Figure 2). Negative values of
EPR, LRR and NSM represent shoreline accretion and positive values represent erosion.
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Figure 2. Workflow of methodology.

5.  RESULTS AND ANALYSIS
5.1 Changes in urban area

With the classification method presented in section 4, land use types and related area statistics
for each year from 1990 to 2020 for Rach Gia City are classified. All classifications were mostly
reasonable, with OA and K mostly above 85 % and 0.80, respectively. The number of correctly
classified pixels in the samples accounts for a very large proportion and the number of classified
samples mistaken for other classification samples is insignificant. OE and CE were 18 % and
22 % lower, respectively, for all years. Therefore, the images are well classified and ensure
reliability for the creation of land use to assess urban land use changes in the study area.

Table 2. Accuracy evaluation of land-use classification (OF and CE averaged all land-use).

Rach Gia | Samples Overall Omission | Commission Kappa
Accuracy (%) | Error (%) | Error (%)
1990 100 91.23 8.46 12.11 0.90
1995 120 86.40 9.03 19.87 0.84
2000 105 85.35 13.24 19.43 0.83
2005 113 87.98 16.87 20.14 0.86
2010 123 83.03 17.21 21.81 0.80
2015 125 86.97 17.57 20.95 0.84
2020 136 98.56 1.86 2.99 0.97

According to census data (General Statistics Office of Vietnam), the population of Rach Gia
city was about 166,800 people in 1990. Since then, it has continuously increased, although at many
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different levels (Figure 3). Overall, the city’s population increased 1.4 times from 166,800 to more
than 227,527 peop