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Abstract 

Land-use change is one of the challenges that exacerbate environmental problems. Understanding the scope of land-
use and land-cover change, past and present drivers and consequences is crucial for properly managing land 
resources. This study applies the supervised classification maximum likelihood algorithm in ArcGIS 10.8 software to 
detect changes in land use and cover in Hoa Binh city, Hoa Binh province, Vietnam using multimedia satellite data 
obtained from Landsat 7-ETM+, Landsat 5-TM and Landsat 8-OLI for the years 2000, 2010 and 2020 respectively. In 
addition, for each satellite scene we also applied spectral indices (NDVI-Normalized Differential Vegetation Index and 
NDWI-Normalized Differential Water Index) to classify and evaluate the change of LULC. The study area, located in the 
Northwest mountainous region of Vietnam, is classified into five land-use/cover classes: Agriculture, Forest, Water, 
Urban or built-up land and Bare soil or rock. The results reveal significant changes in the study area between 2000 and 
2020. Accounting for the largest proportion of total area, the forest area has decreased from 243.20 km2 in 2000 to 
217.40 km2 in 2020. Conversely, the urban/built-up land area has increased continuously for the last 20 years, from 
9.31 km2 in 2000 to 13.27 km2 in 2010 and 51.80 km2 in 2020. Changes in land use and cover have severe 
environmental impacts, such as climate change, loss of biodiversity, deterioration of water availability and quality, and 
reduced crop yields. Therefore, appropriate measures must be taken to limit drastic land-use changes and harmonize 
environmental conservation and human livelihoods. 
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Introduction 

Land is an essential natural resource with numerous 
economic, social and ecological uses. A change in land use 
denotes the conversion of an area of land for a specified 
purpose and is caused by anthropogenic activities, while a 
change in land cover describes alterations in the 
characteristics of the land surface (Patel et al., 2019). 
Changes in land use/land cover (LULC) on the earth's 
surface are significant drivers of biodiversity loss and 
environmental problems worldwide (Homer et al., 2020; 
Field & Barros, 2014). LULC also impacts climate variability 
(Pielke Sr, 2005; Deng et al., 2013), land degradation 
(Meaza et al., 2016) and hydrology (Garg et al., 2019), 
affecting the capacity of ecosystem services (Arowolo et 
al., 2018; Rimal et al., 2019). Driven by changes in LULC, 
continuous environmental changes and their associated 
adverse impacts are becoming central issues globally (Li et 
al., 2020). Consequently, studying LULC dynamics is 
fundamental for the proper planning and use of natural 
resources as well as their management (Ahmad, 2012; 
Kotoky et al., 2012; Fonji & Taff, 2014; Rawat & Kumar, 
2015; Belete et al., 2021; Thien et al., 2022a). 

Remote Sensing (RS) and Geographic Information 
Systems (GIS) are effective tools to promote 
transboundary studies and explore transboundary data 
opportunities. Using overlays, they permit the detection 
and analysis of LULC variations over a given period to 
improve the selection of sites for agricultural, urban or 
industrial development (Selçuk et al., 2003; Dewan & 
Corner, 2013; Thien et al., 2022b). Remote sensor data 
allows for studying land cover changes in less time, with 
lower costs and higher accuracy (Kachhwala, 1985). 
Combined with GIS, RS provides a suitable platform for 
data analysis, updating and retrieval (Cihlar, 2000). 
Consequently, RS and GIS help stakeholders map where 
changes are occurring and gain insight into how 
development patterns are affected by human actions and 
climate change. Natural climates and seasonal landscapes 
can vary over time; hence, evaluating current actions and 
policies while anticipating and planning for appropriate 
changes in the future is critical (Mubako et al., 2018). 

The study area is located in the Northwest 
mountainous region of North Vietnam, sharing the border 
with Laos and China. The terrain in this area is rugged, with 
numerous block-fault mountains and high mountain 
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ranges running in the northwest-southeast direction. The 
highest peaks range from 2,800 to 3,000 m in altitude. The 
Northwest has a total area of 50,728 km2, accounting for 
15% of Vietnam's land area. However, the land area used 
for agricultural production is limited to around 7,000 km2, 
about 13% of the region’s total land area. The unused flat 
and forest production land area is approximately 6,000 
km2 or 12% of the total land area. Hence, there remains a 
significant potential for expansion of agricultural 
production in this region. However, agricultural 
production faces numerous challenges in the region. The 
productive land is scattered due to the strongly 
fragmented terrain, the rate of erosion in the area is 
increased, and the weather and climate are challenging, 
with prolonged droughts and unpredictable salt fog. While 
the irrigation system has been developed, the amount of 
water available for irrigation remains low. In the 
Northwest, the land, forest and water resources have a 
significant influence on land cover changes (Trincsi & 
Turner, 2014; Ngo et al., 2015; Phuong & Son, 2017; Son & 
Binh, 2020). 

Therefore, our goal is to integrate open access RS data 
and GIS to examine the spatial trends of LULC change in 
the Northwest mountainous region (Hoa Binh city, Hoa 

Binh province, Vietnam) over a 20-year period (2000-
2020). This study aims to provide basic information to 
support informed land use planning in the mountainous 
region of northwest Vietnam. Our specific objectives are 
as follows: (1) identify and delineate different types of 
LULC and patterns of land use change in the area of Hoa 
Binh city between 2000 and 2020, (2) determine the 
potential of integrating RS and GIS to study the spatial 
distribution of different LULC changes, and (3) identify 
shifts in LULC classes through the spatial comparison of 
maps. 

Materials and methods 

Study Area 

The study was carried out in Hoa Binh city, Hoa Binh 
province, in the Northwest mountainous region of 
Vietnam. The geographical position of the study area lies 
in the coordinates of latitude 20°44'34.88"N–
21°1'16.53"N and longitude 105°15'47.42"E–
105°27'48.50"E (Fig. 1). Hoa Binh city has an average 
mountain topography with elevations ranging from 200 to 
700 m, craggy, fragmented terrain, and steep slopes. 

 

Figure 1.  Map of the study site in Hoa Binh city, Hoa Binh province, Viet Nam
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The study area has a humid subtropical climate: cold, 
dry, non-tropical winters with little rain and hot, rainy 
summers, with average rainfall from 1,400 mm to 2,800 
mm per year. The average annual temperature is above 24 
°C. June has the highest temperature of the year, 
averaging 30–32 °C, whereas January has the lowest 
temperature, averaging 17.4–19.5 °C (HoaBinh Statistics 
Office, 2021) (Fig. 2). 

 

Figure 2. Mean monthly rainfall and temperature values 
of the study area 

The Da River is the largest confluence of the Red River 
flowing through the study area. The river has a large 
volume of water and is considered a critical resource for 

the Vietnamese electricity industry. The Hoa Binh Dam, 
constructed between November 6, 1979 and December 
20, 1994, was the largest hydroelectric plant in Vietnam 
and Southeast Asia from 1994 to 2012. The Hoa Binh 
hydroelectric plant is the main power supply for the entire 
Vietnamese electricity system. It is also the primary flood 
protection facility of the northern delta, facilitating 
transport in the downstream river and providing irrigation 
water. 

Data Collection 

The data used in this study were divided into satellite 
data and ancillary data. Ancillary data include accurate 
ground-truth data, aerial images of the study area and its 
vicinity, and topographic maps. The ground-truth data 
were collected using a Global Positioning System (GPS) 
from May to December 2020. An image from 2020 was 
used for image classification and assessment of the overall 
accuracy of the classification results. Landsat satellite data 
for three years, including multispectral data, were 
obtained free of charge from USGS EarthExplorer 
(http://earthexplorer.usgs.gov/) and USGS GloVis 
(http://glovis.usgs.gov/). The ArcGIS 10.8 software was 
used for image classification and zoning of the study area. 
The acquisition dates, sensors, path/row resolutions and 
image sources used in this study have been summarized in 
Table 1. 

Table 1: Satellite data specifications of the study area 

Satellite image Sensor Path/row Resolution (m) Acquisition data Source 

Landsat 7 ETM+ 127/46 30*30 17/09/2000 USGS GloVis 

Landsat 5 TM 127/46 30*30 17/06/2010 USGS GloVis 

Landsat 8 OLI 127/46 30*30 28/06/2020 USGS EarthExplorer 

Image pre-processing and classification 

Image pre-processing was performed to extract 
meaningful information from satellite data so that they 
may become easier to interpret (Thien & Phuong, 2023). 
This process is used for the initial processing of the raw 
data and typically involves procedures like geometric 
corrections, image enhancement, noise removal, and 
topographic corrections (Jianya et al., 2008). All satellite 
images were geometrically corrected to the Universal 

Transfer Mercator (UTM) coordinate system and 
georeferenced to the data for the study area selected by 
the World Geodetic System (WGS) zone 48N. Data were 
processed in ArcGIS 10.8 to stitch and crop images based 
on existing study area boundaries. Satellite data were 
processed by assigning signatures per pixel and 
categorizing watersheds into five classes depending on the 
specific numerical values of various landscape elements: 
Agriculture, Forest, Water, Urban or built-up land and Bare 
soil or rock (Table 2).  

Table 2: Classes delineated on the basis of supervised classification 

No. Class name Description 

1 Agriculture 
Cultivated outfields, homestead garden fields and small scattered plots 

of grazing lands 

2 Forest Land covered with natural and plantation forests 

3 Water River, open water, lakes, ponds and reservoirs 

4 Urban/built-up land Residential, commercial, industrial, transportation, roads, mixed urban 

5 Bare soil/rock 
Land areas of exposed soil and barren area influenced by human 

influence 
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For each predefined LULC class, training samples were 

selected by delineating polygons around representative 
locations. Spectral signatures for the respective types of 
land cover obtained from satellite images were recorded 
using the pixels within these polygons. A satisfactory 
spectral signature ensures “minimum confusion” among 
the land cover types (Gao & Liu, 2010). 

The study has used the rule-based supervised 
classification - maximum likelihood classifier (MLC) 
algorithm for LULC classification for acquired images of 
1992, 2010, and 2022 (Rawat & Kumar, 2015; Thien et al., 
2022b). The analyst controls this picture classification 
method by choosing the appropriate classes of pixels. 
Therefore, due to its simplicity and efficacy, post-
classification refinement was employed to enhance 
classification accuracy and decrease misclassifications 
(Harris & Ventura, 1995). The approved LULC 
categorization characteristics defined class boundaries 
and consistent category definitions based on 
anthropogenic and natural factors changes within the 
study area. Additionally, as a size-independent, this 
categorization strategy can be successfully used at any 
spatial scale or level of detail. The LULC differences 
between the categorized photos were found utilizing a 
post-classification comparison method that used change 
detection comparison (pixel by pixel) to measure the 
change in LULC (Thien et al., 2022b). The methodology for 
classification is shown in Fig. 3. 

 

Figure 3. Overall process of land use/land cover change 
technique 

Accuracy Assessment 

The classification accuracy of 2000, 2010 and 2020 
images were evaluated to determine the quality of the 
information obtained from the data. We sampled the 
reference points using a stratified random sampling 
approach, a probabilistic sampling method applied to 
assess the precision of each class (Olofsson et al., 2014; 

Thien & Phuong, 2023) that allows the selection of a 
relative number of points proportional to the size of each 
type of land cover. This ensures that each land cover is 
accurately represented by reference points to reduce bias 
in accuracy estimates. The accuracy assessment was 
conducted using 700 validation points on Google Earth Pro 
satellite images for the years 2000, 2010 and 2020. A 
comparison of reference data and classification results 
was performed to generate an error matrix. In addition, 
the accuracy of the classifier was measured using a 
nonparametric kappa test that considers not only the 
diagonal elements but also all elements in the error matrix 
(Rosenfield & Fitzpatrick-Lin, 1986; Ariti et al., 2015). The 
kappa coefficient is a measure of agreement between a 
predefined manufacturer rating and a user specified rating 
(Viera & Garrett, 2005). According to (Cohen, 1960), the 
kappa coefficient is calculated using the formula (Equation 
(1)): 

𝐾𝑎𝑝𝑝𝑎 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 (𝐾) =
𝑃𝑜−𝑃𝑒

1−𝑃𝑒
  (1) 

where Po is the number of times the k raters agree, and 
Pe is the number of times the k raters are expected to 
agree only by chance. 

NDVI and NDWI analysis 

The Normalized Difference Vegetation Index (NDVI) is 
suitable to detect vegetation cover of the study area (Gao, 
1996; Cao et al., 2014). NDVI is a satellite-based index to 
quantify vegetation greenness and to understand plant 
density and health. The NDVI of an area can be obtained 
from a range of numerical values from -1 to 1, depending 
on the response of photosynthetic activity carried out by 
green vegetation. High values of NDVI represent high 
vegetation density, and negative values indicate water. 
The more active the NDVI, the greener the vegetation 
within a pixel and the NDVI index calculated using 
equation (2) given below: 

𝑁𝐷𝑉𝐼 =
NIR−RED

NIR+RED
    (2) 

where NIR is the reflectance radiated in the near-
infrared wave band, and RED is the reflectance radiated in 
the visible red wave band of the satellite radiometer. 

Similarly, the Normalized Disparity Water Index 
(NDWI) is an index developed to analyze the features of 
open water and the water content of vegetation (Huete, 
2012). The NDWI is a valuable indicator for monitoring 
drought, water stress and land degradation. NDWI has no 
dimensions and its value ranges from -1 to +1. High values 
of NDWI represent water content in vegetation and high 
open water features, and low values indicate lower water 
content, and the NDWI index is calculated using equation 
(3) given below: 

𝑁𝐷𝑊𝐼 =
GREEN−NIR

GREEN+NIR
    (3) 

where NIR is the reflection in the near-infrared 
spectrum, GREEN is the reflection in the green range 
spectrum. 
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Land use/land cover Change Detection 

The post-classification change detection technique 
was applied using the ArcGIS 10.8 software. Information 
that changes on a pixel-by-pixel basis was generated using 
a pixel-based comparison. Therefore, the changes were 
interpreted more efficiently by taking advantage of “from-
to” information. Pairs of categorical images of two 
different data were compared using cross-tabulation to 
identify qualitative and quantitative aspects of changes 
between 2000 and 2020. This procedure generated a two-
way cross-matrix that was used to characterize the main 
patterns of change in the study area. 

Results and discussion 

Results of Classification and Analysis 

The classification results of the pre-processed images 
for the years 2000, 2010 and 2020 are presented in Fig. 4. 

The three-year statistics of the land-use classes and 
their corresponding importance rates are shown in Table 
3. The classification results shown in 2000, most of the 
study area was covered by forest, accounting for 69.75% 
(243.20 km2), followed by agriculture area with 22.78% 
(79.41 km2), water area with 4.61% (16.09 km2), and 
urban/built-up land and bare soil/rock area with at least 
2.67% (9.31 km2) and 0.18% (0.64 km2), respectively (Table 
3). In 2010, the size of the forest and water class all 
decreased by 64.22% (223.90 km2) and 4.12% (14.35 km2), 
respectively (Table 3). On the other hand, in terms of 
agriculture, urban/built-up land, and bare soil/rock, the 
class increased by 27.29% (95.13 km2), 3.81% (13.27 km2), 
and 0.57% (2.00 km2), respectively (Table 3). In 2020, the 
forest, agriculture, water and bare soil/rock classes area 
decreased by 62.36% (217.40 km2), 18.34% (63.95 km2), 
4.04% (14.09 km2) and 0.40% (1.41 km2), respectively. 
Meanwhile, the area of the urban/built-up land class 
increased sharply by 14.86% (51.80 km2) (Table 3). 

 

Figure 4. Maps of classified land use/land cover in Hoa 
Binh city (a) in 2000, (b) in 2010 and (c) in 2020 

A total of 700 points were randomly selected to assess 
the accuracy of three land-use status maps in 2000, 2010, 
and 2020. The confirmation data were manually and 
randomly selected using Google Earth Pro. The overall 
classification accuracy was 95.56%, 95.09% and 94.07% 
and the overall kappa coefficients were 0.944, 0.938 and 
0.926 for 2000, 2010 and 2020, respectively. The study 
requirements were met, as evidenced by the overall 
classification accuracy of more than 90% and kappa 
coefficients over 0.9 (Lea & Curtis, 2010).

Table 3: Area statistics land use/land cover in Hoa Binh city for 2000, 2010 and 2020 

LULC classes 

2000 2010 2020 

Area 
(km2) 

Area 
(%) 

Area 
(km2) 

Area 
(%) 

Area 
(km2) 

Area 
(%) 

Agriculture 79.41 22.78 95.13 27.29 63.95 18.34 

Forest 243.20 69.75 223.90 64.22 217.40 62.36 

Water 16.09 4.61 14.35 4.12 14.09 4.04 

Urban/built-up land 9.31 2.67 13.27 3.81 51.80 14.86 

Bare soil/rock 0.64 0.18 2.00 0.57 1.41 0.40 

Total 348.65 100.00 348.65 100.00 348.65 100.00 

Analysis of land-use/land cover changes 

Table 4 presents statistics on LULC in Hoa Binh city in 
the periods 2000-2010, 2010-2020, and 2000-2020. The 

results in Table 4 and Fig. 5a show that between 2000 and 
2010, the forest area exhibited the most significant 
change, losing 19.30 km2 or 5.54% of its area. During this 
period, the agricultural land area increased the most, with 
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the total area of 15.72 km2, showing an increase of 4.51% 
increase in 2000 as compared to 2010. The water area 
decreased by 1.74 km2 or 0.50%. In addition, urban/built-
up land and bare soil/rock areas showed a slight increase 
of 3.96 km2 and 1.36 km2, respectively, equivalent to 
1.14% and 0.39%.  

The results presented in Table 4 and Fig. 5b give an 
overview of the change in land cover from 2010 to 2020. 

During this period, the urban/built-up land area displayed 
the largest increase, with its total area increasing by 
11.05% or 38.53 km2. Agricultural land decreased the 
most, with a loss of 31.18 km2 or 8.94% as compared to 
the previous period. Land areas covered by forest, water 
and bare soil/rock were reduced by 6.50 km2 (1.86%), 0.26 
km2 (0.07%) and 0.59 km2 (0.17%), respectively in the 
period 2010-2020 mentioned above (Table 4). 

Table 4: Table of area land use/land cover changes in Hoa Binh city from 2000 to 2010, 2010 to 2020, 2000 to 2020 

LULC classes 

2000-2010 2010-2020 2000-2020 

Area 
(km2) 

Area 
(%) 

Area 
(km2) 

Area 
(%) 

Area 
(km2) 

Area 
(%) 

Agriculture 15.72 4.51 -31.18 -8.94 -15.46 -4.43 

Forest -19.30 -5.54 -6.50 -1.86 -25.80 -7.40 

Water -1.74 -0.50 -0.26 -0.07 -2.00 -0.57 

Urban/built-up land 3.96 1.14 38.53 11.05 42.49 12.19 

Bare soil/rock 1.36 0.39 -0.59 -0.17 0.77 0.22 

 

Figure 5. Land use/land cover changes maps in Hoa Binh city from (a) 2000 to 2010, (b) 2010 to 2020

Based on Table 3 and Table 4, the results for the period 
2000-2020 show a considerable decline in the land cover 
area for the Forest, Agriculture and Water classes while 
the area of the Urban/built-up and Bare soil/rock classes 
increased. Forest land decreased from 69.75% to 62.36% 
of the total area and agricultural land decreased from 
22.78% to 18.34%. Although the water surface area was 
relatively small in 2000, it was further reduced from 4.61% 
to 4.04%. The proportion of urban/built-up land was 
2.67% of the total area in 2000, substantially increasing to 
14.86% in 2020. The bare soil/rock area has also increased 
from 0.18% to 0.40% (Table 3). 

The comparison of each class showed a marked change 
in LULC over the 20-year study period (Fig. 6). Between 
2000 and 2020, the percentage of the area belonging to 
the Urban/built-up class in the study area increased by 
12.19% (Table 4), an increase attributable to residential, 
farm and recreational projects that have been flourishing 
in the city center and surrounding areas. In addition, the 
dynamism of residential areas is closely related to urban 
population growth, specifically an increase in population 
size due to natural increase and higher fertility as well as 
migration from rural areas out into the city. According to 
the Department of Statistics of Hoa Binh province, the 
study area reached 92,754 people in 2014, and by 2020 
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the population has increased to 137,091, with an increase 
of nearly 7,400 people/year. Hoa Binh city is the political, 
administrative, economic, cultural and social center of 
Hoa Binh province, so the city attracts the most 
investment in the province with 203 projects, mainly in the 
public sector industry, infrastructure and cities. Along with 
these developments, infrastructure to access the area, 
such as new sidewalks, highways and roads, has been 
constructed (Zhang et al., 2018). The Bare soil/rock class 
exhibited a total increase of 0.22% during the study period 
(Table 4). This increase in the Bare soil area is associated 
with the loss of agricultural land, with previously 
cultivated land becoming barren open space, as farmers 
abandoned unproductive land due to economic 
inefficiencies. In addition, several construction site 
planning projects, where the land has been cleared but is 
left unconstructed, contribute to this increase in vacant 
land. The area covered by the Forest class decreased by 
7.40% from 2000 to 2020 (Table 4). The main drivers of 
forest depletion in this typical study area are human 
activities such as illegal logging of high-value forest wood 
(Malhi et al., 2008). In addition, the lack of effective and 
strict forest fire management played an important role in 

forest decline. The area of Agricultural land decreased by 
4.43% from 2000 to 2020 (Table 4), primarily due to 
challenges in land cultivation. In addition, rapid 
urbanization caused a large area of Agricultural land to be 
converted to Urban/built-up land, further contributing to 
the decline in the agricultural land area (Peerzado et al., 
2019; Youssef et al., 2020). Therefore, the increase in the 
settlement land can be termed a positive increase, 
whereas the decrease in the agricultural land can be called 
a negative change. In addition, plowing, improper farming 
practices, and overgrazing are the leading causes of 
anthropogenic soil erosion, which drives decreases in 
agricultural land area. The area covered by water has 
decreased by 0.57% between 2000 and 2020 (Table 4). 
Water depletion, drought or little precipitation and 
intense evaporation in downstream river basins were 
factors in this decrease, as were the impacts of global 
climate change, the El Niño phenomenon and human 
activities (Haddeland et al., 2014; Gosling & Arnell, 2016). 
Moreover, the Hoa Binh hydroelectric power plant and 
irrigation efforts caused a considerable change in the 
water regime, water quality and aquatic systems in both 
upstream and downstream rivers (Young et al., 2011). 

 

Figure 6. Land use/land cover changes map in Hoa Binh city from 2000 to 2020 

Post-classification comparison of the detected change 
was conducted using GIS by mapping change to 
understand its spatial pattern (Fig. 5, Fig. 6). The 2000, 
2010 and 2020 classified maps were overlaid in stages to 
create a map of LULC changes. The cross-tabulation matrix 
was also generated to assess the “from-to” transition 
between land covers. 

The cross-tabulation matrices (Table 5) show the shift 
in the land cover classes. Out of the 243.79 km2 that was 
Forest area in 2000, 199.38 km2 was still Forest area in 
2020 but 43.58 km2 was converted to Agriculture and 
Urban/built-up, and rest to Water and Bare soil/rock. At 
the same time the increase of Forest, from 2000 to 2020, 
was mainly from Agriculture (16.53 km2). Agriculture out 
of 78.81 km2 in 2000 lost area mainly to Forest as 
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mentioned before, Bare soil/rocks, a small part to 
Urban/built-up and Water, and retained 38.56 km2 of total 
in 2020. Urban/built-up increased from 9.32 km2 in 2000 
to 51.80 km2 in 2020. It retained 6.46 km2 of it and was 
mainly replaced by Agriculture and Forest. The class which 
Urban/built-up mainly replaced in 2020 was Agriculture 
(23.09 km2) (Table 5). Water class retained 13.18 km2 of 

the total 16.09 km2 in 2000. It was reduced to 14.09 km2 
and mainly replaced by Agriculture and Urban/built-up. 
The area of other land cover classes replaced by Water 
was small. Bare soil/rock area increased from 0.64 km2 in 
2000 to 1.41 km2 in 2020. Bare land/rock only retained 
0.05 km2 of the total area in 2000 and was mainly replaced 
by Water (Table 5). 

Table 5: Crosstabulation of the change in land cover between 2000 and 2020 (area in km2) 

2000 
 
 
 
2020 A

gr
ic

u
lt

u
re

 

Fo
re

st
 

W
at

er
 

U
rb

an
/b

u
ilt

-u
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ro
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To
ta
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Agriculture 38.56 22.14 1.86 1.33 0.06 63.95 

Forest 16.53 199.38 0.09 1.40 0.00 217.40 

Water 0.31 0.04 13.18 0.06 0.50 14.09 

Urban/built-up land 23.09 21.44 0.78 6.46 0.03 51.80 

Bare soil/rock 0.32 0.79 0.18 0.07 0.05 1.41 

Total 78.81 243.79 16.09 9.32 0.64  

This study emphasizes the importance of incorporating 
RS and GIS for LULC change detection. This method offers 
crucial information about the spatial distribution as well 
as the nature of changes in land cover. The 90% overall 
accuracy of LULC maps indicates that integrating 
supervised classification of satellite imagery with visual 
interpretation is an effective method for characterizing 
and analyzing LULC change in an area such as the 
Northwest mountainous region of Vietnam. 

Spatial distribution of NDVI and NDWI over 2000 to 
2020 

The study area was also analyzed with two widely used 
NDVI and NDWI indices. Both indices produce similar 
types of results. The selected five land cover features are 
distinguishable by both indices. The values of NDVI show 
the amount of chlorophyll content present in vegetation, 
where the greater NDVI value shows healthy and dense 
vegetation, but a lower NDVI value shows sparse 
vegetation. Fig. 7 represents the spatial distribution of 
NDVI values for three specified years (2000, 2010 and 
2020) and values range between −0.53 to 0.66. The NDVI 
values in 2000 ranged from −0.53 to 0.45; in 2010, the 
NDVI value indicated the minimum value that is −0.20 and 
maximum 0.62; while in 2020, the NDVI value indicated 
the minimum value that is −0.19 and maximum 0.66. The 

highest values of NDVI were found in 2020, while the 
lowest were in 2000. Higher values showed the most 
productive areas like forest and crops. Similarly, lower 
values showed fewer and least productive areas like built-
up area, water and bare soil. The NDVI analysis also 
revealed that urban/built-up land areas have risen 
dramatically while forest areas have significantly been 
reduced over time period. 

The study area was also investigated with the NDWI, 
and the results are quite similar to the NDVI results. Fig. 8 
represents the spatial distribution of NDWI values of three 
specified years. The NDWI values range between −0.58 
and 0.56 in the specified period. The NDWI values in 2000 
ranged from −0.33 to 0.56. In 2010, the NDWI value 
indicated a minimum of −0.58 and a maximum of 0.18. In 
2020, it slightly increased from −0.58 to 0.29. The spatial 
variation of the NDWI values is evident across different 
years. The NDWI analysis also shows that the forest area 
shown in red has shrunk significantly between 2000 and 
2020, and the urban/built-up land area shown in green has 
expanded centrally and along the length of the foot of the 
mountain over time, as can be seen in Figure 8. From these 
results, we can conclude that both NDVI and NDWI are 
good indicators that can effectively support the 
classification and spatial mapping of LULC layers in Hoa 
Binh city, especially to quickly assess the fluctuation of 
LULC layers. 
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Figure 7. Spatial distribution of NDVI for 2000, 2010 and 2020 

 

Figure 8: Spatial distribution of NDWI for 2000, 2010 and 2020

Relationships between NDVI and NDWI were created 
using linear regression analysis. In Hoa Binh city, the 
consequences of urban expansion were visible in both the 
calculated NDVI and NDWI. To determine how variations 
in LU intensity inside LULC units vary across space and lead 
to intra-LU fluctuation of NDWI, regression analysis (R2) is 
conducted. However, NDVI and NDWI had a negative 

connection, as shown in Fig. 9, between the vegetation 
index (NDVI) and NDWI-derived built-up fractions, with 
correlation coefficients of R2 = 0.9737 for 2000, 0.9656 for 
2010, and 0.9639 for 2020 displayed in all images. 
Regression analysis reveals that NDWI values were lowest 
in the area with the highest NDVI values. 
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Figure 9: Regression analyses between NDVI and NDWI in the study area

Limitation of the study 

This study faced some limiting factors that need to be 
highlighted. Firstly, the satellite data used in this 
investigation has a resolution of 30 m. Although it might 
work for small-scale studies, it isn't the best option for in-
depth research. The investigation had to be done with 
free, average-quality Landsat pictures because the current 
study couldn't access high-resolution images. Since small-
scale green spaces cannot be seen due to the 30 m pixel 
size, many rooftop gardens or plants growing along 
roadways may have gone unnoticed throughout the 
investigation, leading to errors. Second, the land cover 
map was produced using maximum likelihood 
classification algorithms, but due to Vietnam's diverse and 
complex land use pattern, the Landsat pictures may have 
been misclassified or significantly incorrectly classified. 
We used the post-classification feature in the ArcGIS 10.8 
program to get the most out of this restriction. To address 
the aforementioned issues and employ a different and 
multi-model approach for further elucidation, more study 
is required. 

Conclusion 

Since the 2000s, the land use of Hoa Binh city, located 
in the Northwest mountainous region of Vietnam, has 
substantially changed due to economic development and 
the impact of human activities. In this study, Landsat 7-
ETM+, Landsat 5-TM and Landsat 8-OLI image data were 

used to obtain LULC maps for 2000, 2010 and 2020. The 
results obtained by integrating RS and GIS analysis 
demonstrate that LULC has changed significantly in Hoa 
Binh city between 2000 and 2020. According to the 
classification results, the land cover class with the largest 
area was forest, with 234.20 km2 in 2000, 223.90 km2 in 
2010 and 217.40 km2 in 2020. The area of urban/built-up 
land increased steadily from 2000 to 2020, while changes 
in the Water, Agriculture, and Bare soil/rock classes were 
closely related to human activities. The NDVI and NDWI 
indices have also contributed to clarifying notable changes 
in land cover characteristics between 2000 and 2020.  

Persistence of this trend of LULC change will result in 
severe environmental and economic consequences, 
impacting the livelihood of the local people. The outcome 
of the study shows that the policy maker and stakeholder 
of this region need to be conscious about the rapid 
development and changes in the land use pattern in Hoa 
Binh city. Implementing appropriate measures to ensure 
the sustainable use of natural resources and the efficient 
use of land is, therefore, critical. Moreover, this study 
offers evidence that integrating open-access RS and GIS 
constitutes a valuable approach for providing baseline 
spatial information. Therefore, it is suggested that RS and 
GIS techniques be used to detect the change in LULC in 
other parts of Vietnam as well as the world. Such spatial 
information is vital to informed land use and sustainable 
regional development worldwide. In addition, the 
complementary future studies may integrate quantitative 
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and qualitative methods to understand and discuss the 
reasons for these quantitative descriptive results. 

Acknowledgments 

The authors are grateful to the Ministry of Science and 
Higher Education of the Russian Federation for a 
scholarship to Bui Bao Thien. 

Authors contributions 

Conceptualization, B.B.T. and V.T.P.; methodology, 
B.B.T. and V.T.P.; software, B.B.T.; validation, V.T.P.; formal 
analysis, B.B.T.; writing—original draft preparation, B.B.T. 
and V.T.P.; writing—review and editing, B.B.T. All authors 
have read and agreed to the published version of the 
manuscript. 

Funding 

This research received no external funding. 

Declaration of interests 

The authors declare no conflict of interest. 

References 

Ahmad, F. (2012). Detection of change in vegetation 
cover using multi-spectral and multi-temporal 
information for District Sargodha, Pakistan. Sociedade 
& Natureza, 24, 557-571. doi:10.1590/S1982-
45132012000300014  

Ariti, A. T., van Vliet, J., & Verburg, P. H. (2015). Land-use 
and land-cover changes in the Central Rift Valley of 
Ethiopia: Assessment of perception and adaptation of 
stakeholders. Applied Geography, 65, 28-37. doi: 
10.1016/j.apgeog.2015.10.002  

Arowolo, A. O., Deng, X., Olatunji, O. A., & Obayelu, A. E. 
(2018). Assessing changes in the value of ecosystem 
services in response to land-use/land-cover dynamics 
in Nigeria. Science of the Total Environment, 636, 597-
609. doi: 10.1016/j.scitotenv.2018.04.277  

Belete, F., Maryo, M., & Teka, A. (2021). Land use/land 
cover dynamics and perception of the local 
communities in Bita district, south western Ethiopia. 
International Journal of River Basin Management, 1-
12. doi:10.1080/15715124.2021.1938092  

Cao, L., Liu, T., & Wei, L. (2014). A comparison of multi-
resource remote sensing data for vegetation indices. 
IOP Conference Series: Earth and Environmental 
Science, 17(1), 012067. doi:10.1088/1755-
1315/17/1/012067  

Cihlar, J. (2000). Land cover mapping of large areas from 
satellites: status and research priorities. International 
Journal of Remote Sensing, 21(6-7), 1093-1114. 
doi:10.1080/014311600210092  

Cohen, J. (1960). A coefficient of agreement for nominal 
scales. Educational and Psychological Measurement, 
20(1), 37-46. doi:10.1177/001316446002000104  

Deng, X., Zhao, C., & Yan, H. (2013). Systematic modeling 
of impacts of land use and land cover changes on 
regional climate: a review. Advances in Meteorology, 
2013. doi:10.1155/2013/317678  

Dewan, A., & Corner, R. (2013). Dhaka megacity: 
Geospatial perspectives on urbanisation, environment 
and health. Springer Science & Business Media, 1-22. 

Field, C. B., & Barros, V. R. (2014). Climate change 2014–
Impacts, adaptation and vulnerability: Regional 
aspects. Cambridge University Press, 1820 p. 

Fonji, S. F., & Taff, G. N. (2014). Using satellite data to 
monitor land-use land-cover change in North-eastern 
Latvia. SpringerPlus, 3(1), 1-15. doi:10.1186/2193-
1801-3-61  

Gao, B.C. (1996). NDWI—A normalized difference water 
index for remote sensing of vegetation liquid water 
from space. Remote Sensing of Environment, 58(3), 
257-266. doi:10.1016/S0034-4257(96)00067-3  

Gao, J., & Liu, Y. (2010). Determination of land 
degradation causes in Tongyu County, Northeast 
China via land cover change detection. International 
Journal of Applied Earth Observation and 
Geoinformation, 12(1), 9-16. doi: 
10.1016/j.jag.2009.08.003  

Garg, V., Nikam, B. R., Thakur, P. K., Aggarwal, S. P., Gupta, 
P. K., & Srivastav, S. K. (2019). Human-induced land 
use land cover change and its impact on hydrology. 
Hydro Research, 1, 48-56. doi: 
10.1016/j.hydres.2019.06.001  

Gosling, S. N., & Arnell, N. W. (2016). A global assessment 
of the impact of climate change on water scarcity. 
Climatic Change, 134(3), 371-385. 
doi:10.1007/s10584-013-0853-x  

Haddeland, I., Heinke, J., Biemans, H., Eisner, S., Flörke, 
M., Hanasaki, N., Konzmann, M., Ludwig, F., Masaki, 
Y., Schewe, J., Stacke, T., Tessler, Z. D., Wada, Y., & 
Wisser, D. (2014). Global water resources affected by 
human interventions and climate change. Proceedings 
of the National Academy of Sciences, 111(9), 3251-
3256. doi:10.1073/pnas.1222475110  

Harris, P. M., & Ventura, S. J. (1995). The integration of 
geographic data with remotely sensed imagery to 
improve classification in an urban area. 
Photogrammetric Engineering and Remote Sensing, 
61(8), 993-998. 

HoaBinh Statistics office. (2021). HoaBinh Statistical 
Yearbook 2020. Statistical Publishing House – 2021, 
682 p. 

Homer, C., Dewitz, J., Jin, S., Xian, G., Costello, C., 
Danielson, P., Gass, L., Funk, M., Wickham, J., 
Stehman, S., Auch, R., & Riitters, K. (2020). 
Conterminous United States land cover change 
patterns 2001–2016 from the 2016 national land 
cover database. ISPRS Journal of Photogrammetry 



Forum geografic. Studii și cercetări de geografie și protecția mediului 
Volume XXII, Issue 1 (June 2023), pp. 54-66; DOI: 10.5775/fg.2023.030.i 

65 

and Remote Sensing, 162, 184-199. doi: 
10.1016/j.isprsjprs.2020.02.019  

Huete, A.R. (2012). Vegetation indices, remote sensing 
and forest monitoring. Geography Compass, 6(9), 
513-532. doi:10.1111/j.1749-8198.2012.00507.x  

Jianya, G., Haigang, S., Guorui, M., & Qiming, Z. (2008). A 
review of multi-temporal remote sensing data change 
detection algorithms. The International Archives of 
the Photogrammetry, Remote Sensing and Spatial 
Information Sciences, 37(B7), 757-762. 

Kachhwala, T. S. (1985). Temporal monitoring of forest 
land for change detection and forest cover mapping 
through satellite remote sensing. In Proceedings of 
the 6th Asian Conf. on Remote Sensing. Hyderabad, 
77-83. 

Kotoky, P., Dutta, M. K., & Borah, G. C. (2012). Changes in 
landuse and landcover along the Dhansiri River 
channel, Assam—A remote sensing and GIS approach. 
Journal of the Geological Society of India, 79(1), 61-
68. doi:10.1007/s12594-012-0002-6  

Lea, C., & Curtis, A. C. (2010). Thematic accuracy 
assessment procedures: National Park Service 
Vegetation Inventory. US Department of the Interior, 
National Park Service, Natural Resource Program 
Center. 

Li, K., Feng, M., Biswas, A., Su, H., Niu, Y., & Cao, J. (2020). 
Driving factors and future prediction of land use and 
cover change based on satellite remote sensing data 
by the LCM model: a case study from Gansu province, 
China. Sensors, 20(10), 2757. doi:10.3390/S20102757  

Malhi, Y., Roberts, J. T., Betts, R. A., Killeen, T. J., Li, W., & 
Nobre, C. A. (2008). Climate change, deforestation, 
and the fate of the Amazon. Science, 319(5860), 169-
172. doi:10.1126/science.1146961  

Meaza, H., Tsegaye, D., & Nyssen, J. (2016). Allocation of 
degraded hillsides to landless farmers and improved 
livelihoods in Tigray, Ethiopia. Norsk Geografisk 
Tidsskrift-Norwegian Journal of Geography, 70(1), 1-
12. doi:10.1080/00291951.2015.1091033  

Mubako, S., Belhaj, O., Heyman, J., Hargrove, W., & 
Reyes, C. (2018). Monitoring of land use/land-cover 
changes in the arid transboundary middle Rio grande 
basin using remote sensing. Remote Sensing, 10(12), 
2005. doi:10.3390/rs10122005  

Ngo, T. S., Nguyen, D. B., & Rajendra, P. S. (2015). Effect of 
land use change on runoff and sediment yield in Da 
River Basin of Hoa Binh province, Northwest Vietnam. 
Journal of Mountain Science, 12(4), 1051-1064. 
doi:10.1007/s11629-013-2925-9  

Olofsson, P., Foody, G. M., Herold, M., Stehman, S. V., 
Woodcock, C. E., & Wulder, M. A. (2014). Good 
practices for estimating area and assessing accuracy 
of land change. Remote Sensing of Environment, 148, 
42-57. doi: 10.1016/j.rse.2014.02.015  

Patel, S. K., Verma, P., & Shankar Singh, G. (2019). 
Agricultural growth and land use land cover change in 
peri-urban India. Environmental Monitoring and 

Assessment, 191(9), 1-17. doi:10.1007/s10661-019-
7736-1  

Peerzado, M. B., Magsi, H., & Sheikh, M. J. (2019). Land 
use conflicts and urban sprawl: Conversion of 
agriculture lands into urbanization in Hyderabad, 
Pakistan. Journal of the Saudi Society of Agricultural 
Sciences, 18(4), 423-428. doi: 
10.1016/j.jssas.2018.02.002  

Phuong, T. T., & Son, N. T. (2017). Land use change and its 
interactions with soil, water resources, and rural 
livelihoods in Hoa Binh province. Vietnam Journal of 
Agricultural Sciences, 15(3), 249-262. 

Pielke Sr, R. A. (2005). Land use and climate change. 
Science, 310(5754), 1625-1626. 
doi:10.1126/science.1120529  

Rawat, J. S., & Kumar, M. (2015). Monitoring land 
use/cover change using remote sensing and GIS 
techniques: A case study of Hawalbagh block, district 
Almora, Uttarakhand, India. The Egyptian Journal of 
Remote Sensing and Space Science, 18(1), 77-84. doi: 
10.1016/j.ejrs.2015.02.002  

Rimal, B., Sharma, R., Kunwar, R., Keshtkar, H., Stork, N. 
E., Rijal, S., Radman, S. A., & Baral, H. (2019). Effects 
of land use and land cover change on ecosystem 
services in the Koshi River Basin, Eastern Nepal. 
Ecosystem Services, 38, 100963. doi: 
10.1016/j.ecoser.2019.100963  

Rosenfield, G. H., & Fitzpatrick-Lins, K. (1986). A 
coefficient of agreement as a measure of thematic 
classification accuracy. Photogrammetric Engineering 
and Remote Sensing, 52(2), 223-227. 

Selçuk, R. E. I. S., Nisanci, R., Uzun, B., Yalcin, A., Inan, H., 
& Yomralioglu, T. (2003). Monitoring land-use changes 
by GIS and remote sensing techniques: case study of 
Trabzon. In Proceedings of 2nd FIG Regional 
Conference, Morocco, 1-11. 

Son, N. T., & Binh, N. D. (2020). Predicting Land Use and 
Climate Changes Scenarios Impacts on Runoff and Soil 
Erosion: A Case Study in Hoa Binh Province, Lower Da 
River Basin, Northwest Vietnam. Environment Asia, 
12(2), 67-77. doi:10.14456/ea.2020.30  

Thien, B. B., & Phuong, V. T. (2023). Using Landsat 
satellite imagery for assessment and monitoring of 
long-term forest cover changes in Dak Nong province, 
Vietnam. Geographica Pannonica, 27(1), 69-82. 
doi:10.5937/gp27-41813  

Thien, B. B., Phuong, V. T., & Huong, D. T. V. (2022b). 
Detection and assessment of the spatio-temporal 
land use/cover change in the Thai Binh province of 
Vietnam’s Red River Delta using remote sensing and 
GIS. Modeling Earth Systems and Environment, 1-12. 
doi:10.1007/s40808-022-01636-8  

Thien, B. B., Sosamphanh, B., Yachongtou, B., & Phuong, 
V. T. (2022a). Land use/land cover changes in the 
period of 2015–2020 in AngYai Village, Sikhottabong 
District, Vientiane Capital, Lao PDR. Geology, 



A multi-temporal Landsat data analysis for land-use/land-cover change in the Northwest mountains region of Vietnam using remote 
sensing techniques 

66 

Geophysics and Environment, 48(3), 279-286. 
doi:10.7494/geol.2022.48.3.279  

Trincsi, K., & Turner, S. (2014). Mapping mountain 
diversity: Ethnic minorities and land use land cover 
change in Vietnam's borderlands. Land Use Policy, 41, 
484-497. doi: 10.1016/j.landusepol.2014.06.022  

Viera, A. J., & Garrett, J. M. (2005). Understanding 
interobserver agreement: the kappa statistic. Fam 
Med, 37(5), 360-363. 

Young, P. S., Cech, J. J., & Thompson, L. C. (2011). 
Hydropower-related pulsed-flow impacts on stream 
fishes: a brief review, conceptual model, knowledge 
gaps, and research needs. Reviews in Fish Biology and 

Fisheries, 21(4), 713-731. doi:10.1007/s11160-011-
9211-0  

Youssef, A., Sewilam, H., & Khadr, Z. (2020). Impact of 
urban sprawl on agriculture lands in greater Cairo. 
Journal of Urban Planning and Development, 146(4), 
05020027. doi:10.1061/(ASCE)UP.1943-5444.0000623  

Zhang, Y., Su, Z., Li, G., Zhuo, Y., & Xu, Z. (2018). Spatial-
temporal evolution of sustainable urbanization 
development: A perspective of the coupling 
coordination development based on population, 
industry, and built-up land spatial agglomeration. 
Sustainability, 10(6), 1766. doi:10.3390/su10061766 

 
 


