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Abstract: Land-use and land-cover (LULC) change analyses are useful in understanding the
changes in our living environments and their driving factors. Modeling changes of LULC in the
future, together with the driving factors derived through analyzing the trends of past LULC
changes, bring the opportunity to assess and orientate the current and future land-use policies. As
the entryway of Quang Ninh province, Vietnam, Dong Trieu locale has experienced significant
LULC changes during the past two decades. In this study, the spatial distribution of six Level I
LULC classes, forest, cropland, orchards, waterbody, built-up, and barren land, in Dong Trieu dis-
trict at 2000, 2010, and 2019 were obtained from Landsat imageries by maximum likelihood tech-
nique. The most significant changes observed over the past twenty years are a decrease of barren
land (9.1%) and increases of built-up (8.1%) and orchards (6.8%). Driving factor analysis indicated
that the changes of cropland and built-up were dependent on distance from road (DFR), distance
from main road (DFMR), distance from urban (DFU), distance from water (DFW), elevation, slope,
and population density. The changes of forest were dependent on all the driving forces listed above,
except DFMR. The orchards mainly appeared near the high-population-density area. The transfor-
mation of the waterbody was affected by geography (elevation and slope) and population density.
The higher the population density, the less barren the land would appear.

Keywords: land use; land cover; Landsat; change detection; urbanization

1. Introduction

In 2018, 55% of the total world populace lived in metropolitan areas. Projections
show that urbanization, with the increasing trend of the total populace, could add another
2.5 billion individuals to metropolitan territories by 2050, with nearly 90% of this incre-
ment occurring in Asia and Africa [1]. Forests, savannas, and steppes have already given
way to agriculture to meet the demand for food and fiber of those metropolitan occupants
[2]. The demand for food and fiber is expected to increase 68% by 2050 [1].

Change detection is an important application of remote sensing, by observing objects
or phenomena at different times through earth-orbiting satellites [3,4], to assess the status
variations of the objects or phenomena [5]. It is commonly used to investigate the effects
and consequences of human-made interactions on natural environments by comparing
land-use and land-cover (LULC) maps of the same geographic region produced from ar-
chived satellite imageries. The Landsat archive, which is adequately consistent in image-
ries acquired from prior missions, permits us to evaluate long-term LULC changes, either
local or worldwide [6]. Image classification categorizes pixels with a typical reflectance
range into specific LULC classes [7-9]. Supervised classification is a method that involves
selecting training sites as references to the classification results [7,9,10]. Parallelepiped,
minimum distance, Mahalanobis distance, maximum likelihood, spectral angle mapper,
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and binary encoding are classification methods commonly used when implementing su-
pervised classification [11].

Land use depends on the indigenous habitat and involvement of human activities.
Hence, awareness of the driving components of the LULC is pivotal for land-use planning
and administration [12]. However, the assessment of driving forces is subject to the com-
prehension of the cause-and-effect connection between the changes and their main driv-
ing forces, because the information on the causes enables the primary driving forces and
classifications of phenomena that create the change to be grouped. For example, agricul-
ture extension and degradation in the forest are typical land-use changes brought about
by populace development that have expanded the interest for the land resources to guar-
antee food supply and improving life of quality [13]. Furthermore, agricultural develop-
ment policies or forest protection and conservation policies have also been accounted as
the driving forces of land-use change [14,15]. Moreover, profits from agriculture products
have led to the conversion from the low-value land-use type to land-use types of higher
values [16]. Studies on driving forces of natural and environmental changes, especially
the conversion of cropland, forest, and barren land to urban uses, have recently emerged
as the focus of sustainable land use management [17-19].

Dong Trieu district, Vietnam, experienced a radical LULC change due to population
expansion, economic growth, and changes in the agriculture cultivation system over the
past 20 years. However, the driving factors of LULC have not been studied. Therefore, the
aims of this study were (1) to map and quantify the LULC changes in the Dong Trieu
district during the last two decades (2000-2019), using multi-temporal remotely sensed
satellite imagery, and (2) to evaluate the driving factors causing the changes.

2. Methodology

This study was divided into two parts, as shown in Figure 1. In the first part, LULC
maps in 2000, 2010, and 2019 were produced from Landsat images by a supervised classi-
fication technique. In the second part of the study, driving factors that have caused the
observed LULC changes between studied years were identified through Cramer’s V Co-
efficients Evaluation.

Landsat 5 Landsat 5 Landsat 8
2000 2010 2019

Supervised Classification
(Maximum Likelihood)

LULC map LULC map LULC map
2000 O 10 201 g

Cramer's V Coefficients Evaluation

!

@riving Factors AnalysD

Figure 1. A flowchart for the methodologies used in this study.
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2.1. Study Area

Dong Trieu district, as the entryway of Quang Ninh province, is located in the north-
east region of Vietnam, between 21°29'04” and 21°44’55” North latitude, and 106°33" and
106°44'57” East longitude (Figure 2). Coal mining is the largest industry in the northeast-
ern part of the district, with about 2.5 million tons of coal produced in 2019. Additionally,
Dong Trieu has various resources, such as bricks, limestone, sand, and clay. According to
collected data from the Yearly Statistics Book of Dong Trieu district from 2000 to 2019, the
average population growth rate was 0.62% from 2000 to 2005, and 1.54% from 2006 to 2019
[20]. The rapid increase of population since 2006 was due to the establishment of industrial
zones and changes in economic structure. Although the cropland production in the GDP
declined rapidly from 44.77% in 2000 to 10.6% in 2019, its value increased from 300 to
468.72 billion VND in the studied 19 years [20].
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Figure 2. Location maps of the study area.

2.2. Satellite Data

To monitor the land-use and land-cover changes, cloud-free scenes of Landsat The-
matic Mapper-TM (2000, 2010) and Operational Land Imager-OLI (2019) were utilized for
analyzing LULC change in Dong Trieu (Table 1). The radiometric and atmospheric cor-
rected images were downloaded from United States Geological Survey (USGS)
(https://earthexplorer.usgs.gov/ accessed on 18 April 2020). These images were then pro-
cessed and classified by using ENVI (Ver 5.1, Harris Geospatial Solutions, Broomfield,
CO, USA). The change detection and map production were conducted by ArcGIS (Ver
10.5, ArcGIS, ESRI, Redlands, CA, USA).

Table 1. Characteristics of the satellite images used.

Landsat Sensor Resolution (m) Range (um) Bands Path/Row Date
5 ™ 30 0.45-0.90 1,2,3,4 148-49/36-37 23/11/2000
5 ™ 30 0.45-0.90 1,2,3,4 148-49/36-37 27/12/2010
8 OLI 30 0.452-0.879 2,34,5 148-49/36-37 17/12/2019
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2.3. Land Use/Land Cover Classification

The maximum likelihood classifier was employed for LULC classification in this
study. For 2000 and 2019, existing LULC maps, Google Earth imagery, and information
collected from interviews with local experts were used to select specific training sites. The
sample separability ranged from 1.8 to 2.0, measured by using the transformed divergence
distance. Six LULC Level I classes, namely forest, cropland, orchard, waterbody, built-up,
and barren land, were classified (Table 2).

Table 2. Descriptions of the LULC classes used in this study.

Class Description

Forest Natural forest, planted forest
Cropland Paddy rice, other annual crops (vegetable crops)
Orchard Fruits, other perennial crops

Water River, stream, lake, aquaculture land

. Residential land, industrial land, traffic land, construction
Built-up
areas
Barren land Exposed rock, coal mines, raw material quarries

2.4. Accuracy Assessment

The classification accuracy of all three images (2000, 2010, and 2019) in the study was
assessed by an error matrix using Google Earth and Land use maps from Dong Trieu Di-
vision of Natural Resources and Environment (DONRE). The true agreement from this
validation is measured by the Kappa coefficient. The Kappa coefficient is broadly utilized
in LULC accuracy assessment to compute the true agreement between the observed agree-
ment and chance agreement [21]. A stratified random sampling technique was employed
in the accuracy assessment to assure that smaller area classes would also have sampling
points [22]. The overall accuracy and kappa coefficient were calculated by Equations (1)
and (2).

r
Overall accuracy = % @

where xii is the diagonal components in the error matrix, and x is the total samples in the
error matrix. The kappa coefficient reflects the difference between actual agreement and
the agreement expected by chance:

T T
N Yoy Xii — Ni=1 X + X4q
2 _§yTr . .
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@)

Kappa coefficient (K) =

where r is the number of rows; xii is the observations at row i and column i; xi+ and x+i are
the sum of row i and column i, respectively; and n is the number of observations.

2.5. Driving Forces

Driving forces are natural or socioeconomic phenomena causing land-use change.
Limited by data availability, only seven spatial variables commonly used [14,23-27] were
considered in this study, i.e., distance from road (DFR), distance from main road (DFMR),
distance from urban (DFU), distance from water (DFW), elevation, slope, and population
density (Table 3). The DFR, DFMR, DFU, and DFW were processed by using the Euclidean
distance tool in ArcGIS. The slope and elevation were processed from the digital elevation
model (DEM) in ArcGIS, with elevation divided into five classes, ranging from under 200
m to higher than 800 m (i.e., <200 m, 200-400 m, 400-600 m, 600-800 m, and higher than
800 m), and slope divided into five classes from under 2° to higher than 25° (i.e., <2°, 2-8°,
8-15°, 15-25°, and higher than 25°), in accordance with the general guidelines in delineat-
ing geographical categories at the district level in Vietnam [28,29]. The population density
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was classified into nine classes, from under 100 people km= to more than 5000 people km-2
(i.e., <100 people km=2, 100-250 people km2, 251-500 people km=2, 501-100 people km2,
1001-2000 people km=2, 2001-3000 people km=2, 3001-4000 people km=2, 4001-5000 people
km=2, and more than 5000 people km2) based on Vietnam population density classification
scheme [30]. These seven factors were processed as grid maps with a cell size of 30 m x 30
m.

Table 3. Factors considered in driving force analysis for changes of LULC classes.

No. Data Range Classifying Method
1 Distance from road (m) 0-3755.88 Euclidean Distance
2 Distance from main road (m) 0-11,810.6 Euclidean Distance
3 Distance from urban (m) 0-15,391.9 Euclidean Distance
4 Distance from water (m) 0-3945.09 Euclidean Distance
5 Elevation (m) 50-850 Ranked
6 Slope (%) 0-43° Ranked
. Populatior"l density (popula- 375073 Ranked

tion km2)

2.6. Cramer’s V Coefficients Evaluation

The correlations between the driving factors of LULC change were assessed by the
Cramer’s V Coefficient (CVC) or Cramer’s V strategies [31]. The value of CVC was calcu-
lated by using Equation (3):

_ @ _ x2/n
V= \/min (k-1, r-1) - \/min(k—l, r—1)’ 3)

where ¢ is the coefficient of contingency, x is derived from Pearson’s chi-squared test, n
represents the total of observations, k represents the number of columns, and r represents
the number of rows in the LULC images. The CVC has a value between 0 and 1 (inclusive).
A value close to 1 demonstrates that a driving factor has a high possibility of being an
explanatory variable. A high total CVC value (more than 0.15) represents that the expected
illustrative worth of the variable is acceptable or helpful; a value under 0.15 can be dis-
missed [31,32].

3. Results and Discussions
3.1. Classification Accuracy Assessments

Accuracy assessments of the LULC classification in 2000, 2010, and 2019 are listed in
Table 4. The overall accuracies were between 85.5% and 88.6%, and the Kappa values were
in the range of 0.84 to 0.88, respectively, which indicated that the classifications were ac-
ceptable [4].

Major causes that yielded incorrect classifications were as follows: (1) A cropland
may be under a rotating system. It might be recognized as a barren land or waterbody
when the land was left for recuperation. (2) A majority of the forests in the studied region
were plantation forests. It might be recognized as orchards, cropland, or barren land when
the planted trees were still at the initial growth stage. (3) The residential areas were often
surrounded by orchards. This could lead to difficulty in distinguishing between built-up
and orchards. (4) It was challenging to separate cropland and barren land accurately at
certain locations, contingent upon the states of the crops and the season.
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Table 4. Accuracy statistics of LULC maps produced from satellite imageries.
2000 2010 2019
Class UA (0/0) PA (0/0) UA (O/o) PA (0/0) UA (0/0) PA (0/0)
Forest 88.7 91.7 93.1 91.3 92.9 93.8
Cropland 83.3 88.2 84.1 90.2 84.1 75.5
Orchards 83.3 78.4 83.0 93.6 84.2 82.1
Waterbody 85.2 82.1 929 76.5 94.4 94.4
Built-up 84.9 93.8 82.4 95.4 81.8 91.8
Barren land 80.0 60.6 82.1 63.9 85.7 81.8
Overall (%) accuracy 85.5 87.2 88.6
Kappa 0.84 0.86 0.88
UA: user’s accuracy. PA: producer’s accuracy.
3.2. Temporal Changes of LULC Classes
The statistics for the six LULC classes and their spatial distribution in 2000, 2010, and
2019 are represented in Table 5 and Figure 3. The forest occupied the largest area among
all six classes throughout the entire study period in the studied region. In 2000, 41.2% of
the land was covered with forest, followed by cropland (16.0%) and orchards (12.4%). The
built-up (11.5%), barren land (10.3%), and waterbody (8.6%) accounted for the smaller
proportion of the study area.
Table 5. Distribution LULC classes in Dong Trieu district from 2000 to 2019.
Class 2000 2010 2019
ha % ha % ha %
Forest 16,206.8 41.2 17,184.3 43.7 15,849.6 40.3
Cropland 6310.4 16.0 6463.5 16.4 5560.9 14.1
Orchard 4884.4 12.4 4765.1 12.1 7548.6 19.2
Waterbody 3398.2 8.6 3339.5 8.5 2250.5 5.7
Built-up 4510.3 11.5 5677.7 14.4 7677.1 19.5
Barren land 4050.4 10.3 1930.5 49 473.9 1.2

In 2010, forest and cropland still took first and second place with an aerial coverage
of 43.7% and 16.4%, respectively, while built-up increased considerably and went up to
the third place, with a 14.4% areal coverage. On the contrary, the area of barren land de-
clined about 50% compared to the year 2000.

In 2019, the areal coverage of built-up increased to 19.5% and took second place in
the ranking. The orchards also expanded dramatically with an increase of about 2800 ha,
which was about 1.6 times that of 2010, and took third place with an areal coverage of
19.2%. However, the cropland, waterbody, and barren land decreased by 2.3%, 2.8%, and
3.7%, respectively, from that of 2010.
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Figure 3. Land-use/land-cover map of Dong Trieu district from 2000 to 2019.

Therefore, the Dong Trieu district experienced various changes in LULC classes dur-
ing the past two decades. Among all the changes of LULC classes, the rapid expansion of
built-up and orchards and the dramatic decrease of barren land were the most significant
changes in the Dong Trieu district.

3.3. Conversions among LULC Classes

Transformation matrices illustrating the conversions among LULC classes during the
studied period are shown in Table 6. From 2000 to 2019, there were enormous changes in
land-use practice from barren land (Table 6) and orchards (Table 7) to the forest in the
Dong Trieu due to changes in forest plantation policy [33-35]. However, there was also a
considerable conversion from forest to orchards (Table 7). A fair amount of forest was lost
to built-up expansion in the entire study period (Table 8). The observed changes concur
with the pattern seen by past investigations led in different parts in Northern Vietnam
[36-38].

Table 6. The transformation matrices for changes of LULC classes from 2000 to 2010.

Land Use 2000 (ha) Land Use 2010 (ha)
Class Area Forest Cropland Orchards ~ Waterbody  Built-Up  Barren Land
Forest 16,206.8 14,462.1 167.5 755.1 185.3 343.9 292.9
Cropland 6310.4 127.6 3958.6 325.6 307.8 1205.8 385.1
Orchards 4884.4 962.7 358.8 2216.8 68.7 931.9 345.5
Waterbody 3398.2 83.3 721.1 28.4 2378.2 117.4 69.8
Built-up 4510.3 229.6 836.1 250.5 309.5 2731.9 152.8
Barren land 4050.4 1318.9 421.5 1188.7 90.0 346.8 684.5
Total 39,360.5 17,184.2 6463.5 4765.1 3339.5 5677.7 1930.5
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Table 7. The transformation matrices for changes of LULC classes from 2010 to 2019.

Land Use 2010 (ha) Land Use 2019 (ha)
Class Area Forest Cropland Orchards Waterbody  Built-Up  Barren Land
Forest 17,184.3 13,946.6 269.1 2041.1 166.5 668.3 92.7
Cropland 6463.5 135.7 3266.4 1293.1 198.2 1509.0 61.2
Orchards 4765.1 1067.5 611.6 2412.4 25.3 561.9 86.3
Waterbody 3339.5 136.7 287.3 397.1 1721.7 761.8 34.9
Built-up 5677.7 194.7 701.0 948.8 81.1 3687.7 64.4
Barren land 1930.5 368.4 425.5 456.2 57.6 488.4 1344
Total 39,360.5 15,849.5 5560.9 7548.6 2250.5 7677.1 473.9

Table 8. The transformation matrices for changes of LULC classes from 2000 to 2019.

Land Use 2000 (ha) Land Use 2019 (ha)
Class Area Forest Cropland Orchards Waterbody  Built-Up  Barren Land
Forest 16,206.8 14,516.2 264.4 2005.9 220.1 745.5 74.5
Cropland 6310.4 117.4 2895.6 1217.5 182.7 1794.6 102.6
Orchards 4884.4 928.0 499.4 2086.5 68.5 1204.0 97.9
Waterbody 3398.2 123.3 486.3 4074 1534.0 796.8 50.5
Built-up 4510.3 164.6 745.8 783.8 156.7 2591.0 68.4
Barren land 4050.4 1619.9 669.4 1047.6 88.5 545.1 80.0
Total 39,360.5 15,849.6 5560.9 7548.6 2250.5 7677.1 473.9

The area of cropland class experienced a slight increase (about 4%) from 2000 to 2010
(Table 6) but a significant reduction of 14.1% from 2010 to 2019 (Table 7). The main reason
for this significant reduction is the change in land-use practice from paddy rice to fruit-
planting orchards, and the expansion of built-up areas resulted from population increase
and economic development. Similar developments were also observed in other places in
Vietnam and China [38,39]. Conversions of croplands into aquaculture ponds mainly oc-
curred in the southeast of the studied region, such as Yen Duc, Hoang Que, Hong Thai
Dong, and Hong Thai Tay Communes. Similar conversions have also been identified in
other places in Vietnam [40-43].

Orchards (e.g., dragon fruit, orange, and lychee) was the LULC class that developed
most quickly and widely across the Dong Trieu district. From 2000 to 2010, a slight de-
crease in orchards area from 12.4% to 12.1% was found, but the area occupied by orchards
increased nearly 7% in 20002019 (Table 5). From 2010 to 2019, orchards spread quickly in
the northwest of the studied region. The orchards gained most of their area from the for-
est, cropland, and barren land (Table 7). The conversion of cropland to orchards was un-
avoidable because of higher economic returns from orchards, especially from the custard
apple plantation [44]. The conversion of croplands and barren land to orchards also oc-
curred in other locations, such as Tien Yen districts, Northern Vietnam [38], Northern Thai
Land [45], and Southern Thailand [46]. Additionally, the shortage of irrigation water due
to water pollution in mining areas [47] gave farmers no choice but to change from
cropland to orchards.

The areal percentage occupied by waterbody experienced a continuous decline of
8.6%, 8.5%, and 5.7% in 2000, 2010, and 2019, respectively (Table 5). Nevertheless, the
speed of decrease was most extreme from 2010 to 2019. Factors responsible for the decline
in the waterbody are (1) the demand for food and settlements in the district, which caused
the disappearance of some small ponds and made way for cropland, orchards, and built-
up (Table 8); and (2) mining activities caused some waterbody to turn into barren land
[48,49].

The areal percentages occupied by built-up in 2000, 2010, and 2019 were 11.5%,
14.4%, and 19.5%, respectively, and experienced a total increase of 3166.8 ha from 2000 to
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2019 (Table 5). The increase of built-up area mainly came from cropland and orchards,
approximately 1800 ha and about 1200 ha, respectively (Table 8). Factors that contributed
to the growth of GDP, such as the development of industries and services and increase of
agricultural production (Table 9), have resulted in the expansion of residential and com-
mercial areas and the extensions of new streets and trench networks that attributed to the
noticeable increase in built-up areas. This extension in built-up areas was also associated
with the 10% expansion in population, including residents and immigrant factory work-
ers, during the past two decades [20]. It was estimated that, between 2001 and 2010, nearly
one million hectares of agricultural land was compulsorily acquired by the government
for non-agricultural uses [50], such as industrial zones, infrastructure, urban areas, and
other public use purposes [51].

The areal percentage occupied by barren land also experienced a continuous decline
of 10.3%, 4.9%, and 1.2% in 2000, 2010, and 2019, respectively (Table 5). Most of the barren
lands were converted to forest and orchards between 2000 and 2010, due to the orchards
orientation policy and forest policy in this period (Table 6). Similar changes were also
observed in other forest areas in Northern Vietnam [33,34,52].

Table 9. Changes of socioeconomic factors from 2000 to 2019 and correlations with the built-up area.

Socioeconomic Variables 2000 2010 2019 Correlation
GDP (million USD) 19 174 309 0.989
Per capital GDP (USD) 234 1050 1760 0.988
Industrial and Buildings (billion VND) 290 1400 2438 0.991
Commercial and Service (billion VND) 80 420 1055 0.998
Agriculture (billion VND) 300 384 468.72 0.994

3.4. Driving Forces for LULC Changes

The overall CVC values for each analyzed factor are listed in Table 10. This index
describes the quantitative levels of associations of a driving factor with individual or all
LULC classes. Although the overall Cramer’s V Coefficient (CVC) of distance from road
(DFR) was slightly less than 0.15, the CVCs of DER for forest, built-up land, and cropland
were higher than 0.15. Therefore, the DFR was one of the factors that affected the changes
in forest, built-up, and cropland. The distance from main road (DFMR) is the main driving
factor that contributed to the large area conversion of cropland to built-up, as shown in
Table 6.

Table 10. Cramer’s correlation analysis of the seven driving factors selected.

Driving Factors

Overall CVC Forest Cropland Orchards Waterbody Built-Up  Barren Land

Distance from road 0.148 0.266 0.151 0.034 0.122 0.203 0.031
Dlsmncf(gflm main 0.272 0.054 0311 0.081 0.137 0.351 0.052
Distance from urban 0.299 0.560 0.311 0.166 0.174 0.392 0.070
Distance from water 0.202 0.388 0.216 0.066 0.230 0.167 0.061
Elevation 0.225 0.413 0.230 0.052 0.155 0.204 0.054
Slope 0.319 0.608 0.326 0.099 0.207 0.266 0.020
Population density 0.352 0.556 0.447 0.213 0.328 0.384 0.117

The CVCs of the distance from urban (DFU) for forest, built-up, and cropland are
0.560, 0.392, and 0.311, respectively. Therefore, the deforestation in Dong Trieu district
was mainly attributed to the agricultural land spread into the forest, urban expansion, and
increased demand for raw materials for paper production and furniture associated with
the economic growth. This phenomenon was also observed in other parts of Vietnam [53].
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The CVCs of distance from water (DFW) for forest, waterbody, and cropland are
0.388, 0.230, and 0.216, respectively, which suggested that the water area in this study was
often located far from the forest. The cropland, however, often occurred near the water
areas, possibly due to easy water accessibility. The continuous decline of the waterbody
area caused the conversion of cropland to orchards or forests, as shown in Table 6 to Table
8, due to irrigation water shortage. This phenomenon has also been observed in other
Asian regions [54-56].

The CVCs of elevation showed a relatively strong relationship with forest (0.413),
which indicated that the elevation has a good association with forest expansion. The dis-
tributions of built-up and cropland were less strongly affected by elevation, as indicated
by their CVC values of 0.230 and 0.204, respectively.

The CVCs of slope for forest, cropland, and built-up were 0.608, 0.326, and 0.266,
respectively. Thus, slope appeared to be a good predictor of forest, cropland, and built-
up. It is noted that the studied region has quite a large variation in topography and soci-
oeconomic complexity, so that elevation and slope have large overall CVCs. Similar cor-
relations between forest expansion and topographic factors have been observed in North-
western Vietnam [57].

The population density had the highest overall CVC value among all analyzed fac-
tors and high CVC values for forest, cropland, and built-up, at 0.556, 0.447, and 0.384,
respectively. Not surprisingly, deforestation is more substantial at places closer to an ex-
isting area of higher population density. Furthermore, the locations closer to a high pop-
ulation density area have higher probabilities of conversion to built-up. These results
showed that population pressure played an important role in increasing built-up area and
conversion of forest to other land-use classes.

4. Conclusions

The spatial distribution of LULC classes identified through Landsat imageries ac-
quired in 2000, 2010, and 2019 revealed significant LULC changes in the Dong Trieu dis-
trict during the past two decades. The area under barren land, waterbody, cropland, and
forest revealed a declining trend from 2000 to 2019, with a net decrease of 3576.5, 1147.7,
749.5, and 357.2 ha, respectively. The area under built-up and orchards exhibited an over-
all growing trend during the same period, with a net increase of 3166.8 and 2644.2 ha,
respectively. The expansion and built-up area and the decrease of cropland were driven
by all seven factors analyzed, i.e., distance from road (DFR), distance from main road
(DFMR), distance from urban (DFU), distance from water (DFW), elevation, slope, and
population density. The changes of forest were dependent on all the driving forces listed
above, except DFMR. Orchards were established close to urban or areas of high popula-
tion density. The transformation of the waterbody was affected by geography (elevation
and slope) and population density. The higher the population density, the less the barren
land would appear.

According to the roles of active driving factors depicted by this study, land-use plan-
ners and decision-makers of the Dong Trieu district should introduce more environment-
friendly livelihood and measures, such as population-growth control to reduce the pres-
sure on demanding more build-up area and conversion of forest to other land-use classes;
better water-resources managements to reduce irrigation water shortage problems; en-
couragement of intensive use of agricultural lands and high-tech farming to increase
yields and decrease the demand on more croplands; and encouragement of community
participation in forest management to protect and expand the forest area, with intentions
to promote sustainable development in the future.

The methodologies presented in this study show how to combine satellite data with
other ancillary data (DEM and population density in this study) that are varying in format,
accuracy, and spatial resolution than remotely sensed images to understand the actual
driving factors for structural changes of LULC in a given area. This can be a powerful
planning tool with many positive insights into the policy and governance of a specific
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territory. A simulation study based on the roles of the driving factors depicted is currently
being undertaken to further examine the potential impacts of these variables on land-use
changes in future scenarios.
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