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Abstract: Globally and in Vietnam, forests are crucial resources for 

economic activity and for the survival of flora and fauna. However, 

deforestation in tropical regions continues to have negative effects on 

ecosystem services, climate regulation, and biodiversity protection. This 

study used Landsat 5-TM and Landsat 9-OLI/TIRS satellite imagery to 

investigate the changes in forest cover in Tuyen Quang province, located in 

the Northeast region of Vietnam, from 1992 to 2022. The maximum 

likelihood algorithm was employed to classify the forests in 1992, 2010, and 

2022, with classification accuracy evaluated using the kappa coefficient for 

each year (0.890, 0.897, and 0.937, respectively). Additionally, the 

Normalized Difference Vegetation Index (NDVI) and the Soil Adjusted 

Vegetation Index (SAVI) were used to assess forest cover losses and gains, 

and their outcomes were compared with the results of the supervised 

classification. The findings indicated a significant decline in forest cover in 

Tuyen Quang province over the years. In 1992, the forest cover was 

estimated at 89.63% (5,259.33 km
2
) of the total land area, which decreased 

to 68.14% (3,998.61 km
2
) in 2010, and subsequently increased to 75.14% 

(4,409.09 km
2
) in 2022. The conversion of forested areas for agriculture 

often leads to a substantial reduction in forest coverage. Furthermore, 

logging and illegal land use conversion have significantly contributed to this 

problem. Although appropriate policies for forest management and 

conservation have been implemented in the research area from 2010 to 

2022, a long-term plan is necessary to ensure sustainable land use and 

effective forest resource conservation and development in the future. 
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1. Introduction 

 

The ecological and economic benefits of 

forests include the provision of clean air 

and water, the preservation of soil, the 
regulation of the climate, and the 

provision of timber, food, and shelter for 

animals. Forest cover changes are a 

dynamic and extensive process that is 

primarily driven by anthropogenic 

activities and natural events, which 

generate changes that have significant 

impacts on natural ecosystems [2], [5]. 

Rapid and extensive deforestation in recent 

decades has led to high interest in the 

sustainable management of forest 

resources on a global scale. To effectively 

manage forests and make better decisions, 

it is crucial to comprehend their patterns, 

changes, and interactions with human 

activity and natural phenomena [18], [20].  

Research aimed at detecting changes in 

forest cover can now benefit greatly from 

satellite data. Accurate knowledge about 
forest ecosystem functions can be 

obtained by detecting forest conditions 

and monitoring changes in various 

structural and physiological factors [9], 

[12]. Earth observation satellite data and 

decision support tools such as Geographic 

Information Systems (GIS) can be used to 

address this issue due to the development 

of technology and almost limitless 

potential in various application domains. 

Among these, Landsat imagery is regarded 

highly by the scientific community and 

provides a suitable average accuracy for 

analyzing land use and land cover (LULC) 

in research studies [3], [31, 32], [35]. With 

the aid of remote sensing and GIS, maps 

of land cover for multiple years are 

needed to identify changes over time, and 

the analysis results help managers 

understand the changes that are occurring 

and gain deeper insights into how human 

behavior and climate change affect 

development patterns. Understanding 

natural climate trends and seasonal 

landscapes over time helps us evaluate 
current actions and policies, as well as 

predict and plan for appropriate changes 

in the future [23]. Analysis of the 

Normalized Difference Vegetation Index 

(NDVI) is performed by calculations based 

on the red and near-infrared spectral band 

of multispectral satellite images used to 

assess and monitor plant health [15], [27]. 

The Soil Adjusted Vegetation Index (SAVI) 

is used at the regional scale in semi-arid 

areas because it allows for the detection 

of changes in plant communities over 

many years [16], [19]. 

The Northeast region now has some of 

the largest forests in Vietnam. By 2020, 

the total forest area in the Northeast 

region of Vietnam was 39,492.49 km2, 

with a coverage of 56.30% [12]. This 

study's primary goal was to employ 
remote sensing and GIS applications to 

assess the degree of changes in forest 

cover that happened in Tuyen Quang 

province, in Northeast Vietnam, over the 

last 30 years (1992-2022). However, the 

specific objectives included: (1) using 

satellite images to identify and create a 

model of LULC and forest cover change in 

Tuyen Quang province; (2) looking into the 

specific variation in forest cover and other 

major cover types through spatial and 

temporal analysis; and (3) connecting 

vegetation indices with changes in forest 

cover. 

 

2. Materials and Methods 

2.1. Study Area 

 

Tuyen Quang is a mountainous province 

in the Northeast of Vietnam, about 165 
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km from the Hanoi capital (Figure 1). The 

province had a population of 801,668 in 

2021, with a density of 137 people per 
km2 over a total land area of 5,867.95 km2 

[34]. The study area has a wide variety of 

topography that covers deep valleys in 

high mountains; the dominant elevation 

of the province is in the range of 200 to 

600 meters. Tuyen Quang's climate is 

divided into four distinct seasons: spring, 

summer, autumn, and winter, in which the 

winter is dry and cold and the summer is 

hot, humid, and rainy. The average annual 

rainfall is 1,650 mm; the average 

temperature is 23°C; and the average 

humidity is 85%. The province has a total 
forest area of approximately 4,486.80 

km2, which includes special-use forest land 

for protection and production. Over 

4,224.00 km2 of this area were covered by 

natural forests, while more than 1,407.00 

km2 of land was dedicated to forest 

plantations. With a forest cover rate of 

over 65%, Tuyen Quang is one of the 

provinces with the highest percentage of 

forest coverage in the country [13]. 

 

 

Fig. 1. Map of the study area indicating Tuyen Quang province in Vietnam 

 

2.2. Data Used and Sources 

 

Landsat satellite images in 1992, 2010, 

and 2022 were used to examine the 

dynamics of land cover and forest cover 

changes in Tuyen Quang province, 

Northeast region of Vietnam, in the last 30 

years. These two periods correspond to 

changes related to policy changes, 

including land rights in Vietnam. We chose 
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1992 because the image is cloud-free and 

it marks the birth of a new forest law to 

replace the forest law in 1987. 
Subsequently, the Vietnamese 

government strengthened forest 

protection policies to ensure the 

sustainability of the country's valuable 

forest resources and began implementing 

reforestation and forest biodiversity 

conservation programs in 2010. By 2022, 

the Vietnamese government had 

implemented policy reforms related to 

forests, as well as programs to restore and 

protect forests. The availability of cloud-

free images for the Tuyen Quang province 

was also considered. To cover the entire 

study area, six satellite images were 

acquired with a path/row of 127/44-45 for 

the selected years. The Landsat image 

dataset was downloaded from USGS Earth 
Explorer (https://earthexplorer.usgs.gov) 

and USGS Glovis (https://glovis.usgs.gov) 

(Table 1). The ground points of the Global 

Positioning System (GPS) with 300 points 

were collected in August 2022 to preserve 

the information regarding the land cover 

recorded during field surveys. To ensure 

precise classification and accuracy 

assessment, high-resolution real-time 

satellite data via Google Earth Pro and 

various composite combinations (false and 

true color) were utilized as the base map 

[19], [31]. 

 

Detailed data summary of satellite imagery used in the study             Table 1 
 

Landsat Scene ID 
Acquisition 

data 
Satellite Path/row 

Resolution 

[m] 
Source 

LT51270441992295BJC02 Landsat 5-TM 127/044 30 USGS Glovis 

LT51270451992295BJC02 
21/10/1992 

Landsat 5-TM 127/045 30 USGS Glovis 

LT51270442010312BKT00 Landsat 5-TM 127/044 30 USGS Glovis 

LT51270452010312BKT00 
08/11/2010 

Landsat 5-TM 127/045 30 USGS Glovis 

LC91270442022305LGN00 
Landsat 9-

OLI/TIRS 
127/044 30 

USGS 

EarthExplorer 

LC91270452022305LGN00 

01/11/2022 
Landsat 9-

OLI/TIRS 
127/045 30 

USGS 

EarthExplorer 

 

2.3. Classification of Images and Change 

Detection 

 

The LULC classification system employed 

for this study utilized satellite images from 

Google Earth Pro, as well as the Anderson 

LULC classification scheme modified at the 

level I [1], the regulations on land use in 

Vietnam, the prevailing conditions in the 

study area, specific pixel values for 

different landscape features, and relevant 
literature sources. Based on the Landsat 

satellite image classification, the five land-

use classes identified in the study were 

Agriculture (land dedicated to cultivation 

of crops, mainly rice, maize, potatoes, and 

vegetables), Barren land (bare lands, rock-

strewn, and other exposed soil surfaces 

that remain devoid of vegetation 

throughout the year), Forest 

(broadleaved, bamboo forest and mixed 

forest, either natural or planted are 

included in this class), Built-up areas (this 

class represents structures of all types 

including residential, commercial 
infrastructure, industrial zones, roads and 

other paved surfaces), and Waterbodies 

(this class is comprised of open water 
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bodies such as lakes, rivers, ponds, 

streams). Figure 2 illustrates the 

methodological framework utilized in this 
research. Satellite data were pre-

processed to extract meaningful 

information, making them more accessible 

for interpretation [29].  

 

 

Fig. 2. Overall process of forest cover change technique 

 

The preprocessing of the original 

satellite data involves a range of 

techniques, such as image enhancement, 

topographic corrections, noise removal, 

and geometric corrections [21]. The 

Landsat RS image data collected were first 

rectified using the Universal Transverse 

Mercator (UTM) zone 48N projection on 

the WGS84 datum. Then, composite bands 

were utilized to produce an image with a 

combination of bands. To extract the data 

from the study area, the ArcGIS 10.8 

software's extract by mask tools was 

utilized. To differentiate watersheds and 

assign signatures per pixel, all satellite 

data were analyzed. For each predefined 

LULC class (Table 2), training samples were 

selected by defining area of interest (AOI) 

polygons around representative regions, 

and the satellite images spectral 

signatures for each LULC classes were 

then acquired based on these polygons to 

minimize confusion between the mapped 

LULC classes [29]. The study employed the 
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rule-based supervised classification-

maximum likelihood classifier (MLC) 

algorithm for the LULC classification of the 
acquired images from 1992, 2010, and 

2022 [24, 31]. Post-classification 

refinement was applied to increase 

classification accuracy and reduce 

misclassifications [14]. The approved LULC 

categorization characteristics established 

class boundaries and consistent category 

definitions based on anthropogenic and 

natural factors changes within the study 

area. This categorization strategy is also 

size-independent, making it appropriate 

for use at any spatial scale or level of 

detail. 

 

2.4. Analysis of Vegetation Indices to 

Detect Changes in Forest Cover 

 

As part of the study and detection of 

forest cover, several vegetation indicators 

have been established to assess 
vegetation in forests [4, 15, 16, 17, 19, 

27]. In this study, NDVI is frequently used 

to assess vegetation health and has been 

demonstrated to be a reliable indication 

of plant greenness. SAVI is frequently 

employed in dry and semi-arid locations to 

help mitigate the impact of soil 

reflectance. In this instance, we used the 

maximum and minimum NDVI and SAVI 

values to reclassify the classification table 

in order to map the forest land cover area 

for all other time periods. We did this by 

extracting the NDVI and SAVI values from 

every forest polygon that we had 

identified through the supervised 

classification of the Landsat 5-TM (1992 

and 2010) and Landsat 9-OLI/TIRS (2022) 

images. NDVI and SAVI were calculated 

using equations (1) and (2), respectively, 
given below: 

 

REDNIR

REDNIR
NDVI

+

−

=                      (1) 

 

L1
LREDNIR

REDNIR
SAVI +⋅

++

−

=         (2) 

 

where: NIR is the reflectance value of the 

near infrared band; RED is the reflectance 

of the red band, and L correction factor 

adjusts the original equation of NDVI to 

correct the soil brightness.  

The appropriate L value varies based on 

the presence of vegetation, ranging from 
very high (L = 0) to no vegetation (L = 1), 

but in most cases, L = 0.5 is ideal as it 

minimizes soil brightness variations and 

eliminates the need for additional 

calibration for different soils [16]. We 

adopted L = 0.5 to generate our SAVI 

images used to edge detection and extract 

stats for detected circles. 

 

2.5. Classification Accuracy Assessment 

 

The classification accuracy of the 

Landsat 5-TM (1992 and 2010) and 

Landsat 9-OLI/TIRS (2022) images was 

evaluated using user accuracy, producer 

accuracy, overall accuracy, and kappa 

coefficient. With the support of the 

stratified random sampling technique, we 

selected 300 random points from each 

classified image of 1992, 2010, and 2022 
and compared their digital values with the 

corresponding pixels of the original image 

in Google Earth Pro as reference data. 

These points, representing all LULC 

categories within the study area, were 

identified and placed on the Google Earth 

Pro maps using ground truth data and 

topographic maps. Creating an error 

matrix for each LULC map allowed us to 
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assess overall accuracy [26]. The 

equations for user accuracy, producer 

accuracy,  overall accuracy, and kappa 
coefficient, expressed in equations (3), (4), 

(5), and (6), respectively, are some of the 

best quantitative measures for satellite 

image classification [11, 25, 28]. 

 

100

total) (row category each in pixels reference of number Total

category each in pixels classified correctly of Number
Accuracy User ⋅=         (3) 

 

100

total) (column category each in pixels reference of number Total

category each in pixels classified correctly of Number
Accuracy Producer ⋅=     (4) 

 

100

pixels of number Total

pixels correct of Number
Accuracy Overall ⋅=                                (5) 

e

eo

P-1

P-P
(K) tcoefficien Kappa =                                               (6) 

 

where: Po is the proportion of pixels 

classified correctly, and Pe is the 

proportion of pixels classified correctly 

expected by chance. 

 

3. Results and Discussion 

3.1.  Classification and Accuracy 

Assessment 

 
The accuracy and validation of 

classification models are important 

prerequisites in studies of land cover and 

land use change for classification, 

detection, and prediction purposes. The 

high user and producer accuracies (mostly 

ranging from 80-100%) and the nearly 

perfect number of corrected pixels for 

land cover maps in all the years indicate 

the effectiveness and reliability of the land 

cover classification and resulting products 

[30]. The Kappa coefficients indicate the 

measure of agreement or accuracy 

between the reference data and the land 

use and land cover values classified in the 

image, and can range from +1 to −1 [11, 

25]. Kappa values of <0 reflect no 

agreement, 0-0.2 as slight, 0.2-0.41 as fair, 

0.41-0.60 as moderate, 0.60-0.80 as 

substantial and 0.81–1.0 as almost perfect 

agreement [11]. The overall Kappa 

coefficient values were 0.890, 0.897, and 

0.937 for 1992, 2010, and 2022, 

respectively (Table 2). Furthermore, the 
overall classification accuracy values for 

this study for 1992, 2010, and 2022 were 

93.51%, 92.67%, and 95.67%, respectively 

(Table 2). The overall accuracy results 

indicate that the percentage of accuracy in 

all the years is much higher than 90%, 

representing an excellent agreement for 

LULC classification [6, 8]. 

The LULC classification maps were 

estimated from Landsat satellite images 

using the Maximum Likelihood algorithm 

for the years 1992 (Figure 3a), 2010 

(Figure 3b), and 2022 (Figure 3c), as 

shown in Figure 3. The distribution of 

LULC classes by category from 1992 to 
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2022 is shown in Table 3 to help 

comprehend the amount of LULC changes. 

The findings demonstrate that the 
coverage of the agriculture and forest 

areas underwent considerable changes. 

The agriculture coverage was 421.49 km2 

(7.18%) in 1992, which was increased 

significantly by 1,129.14 km2 (19.24%) in 

2022, with 12.06%. Meanwhile, in 1992 

forest coverage was 5259.33 km2 

(89.63%), which decreased to 4,409.09 

km2 (75.14%) in 2022, resulting in a 

decrease of 14.49% (Table 3). From 1992 

to 2022, there were noticeable changes in 

the area coverage of barren land, built-up 

areas, and waterbodies. Barren land 
coverage, which was 149.98 km2 (2.56%) 

in 1992, was reduced to 2.65 km2 (0.05%) 

in 2022, resulting in a change of 2.51%. In 

1992, the built-up areas class covered 5.92 

km2 (0.10%) of area and was increased by 

227.39 km2 (3.88%) in 2022, leading to a 

3.77% positive change. Waterbodies 

coverage was 31.23 km2 (0.53%) in 1992 

and increased to 99.68 km2 (1.70%) in 

2022, a net increase of 1.17% (Table 3). 

 

Table 2 

Accuracy assessments for 1992, 2010 and 2022 

1992 2010 2022 

Land cover class 
Producer 

accuracy 
[%] 

User 

accuracy 
[%] 

Producer 

accuracy 
[%] 

User 

accuracy 
[%] 

Producer 

accuracy 
[%] 

User 

accuracy 
[%] 

Agricultural 90.77 89.39 90.63 89.23 90.28 95.59 

Barren land 83.33 88.24 79.17 82.61 87.50 87.50 

Forest 95.65 97.24 94.93 97.04 97.89 97.20 

Built-up areas 95.00 90.48 94.12 91.43 100.00 91.89 

Waterbodies 90.48 82.61 95.00 90.48 95.45 95.45 

Overall accuracy 93.51 92.67 95.67 

Kappa Coefficient 0.890 0.897 0.937 

 

Table 3 

Land use/land cover classification and change results from 1992 to 2022 

1992 2010 2022 
Area change  

1992-2022 
Class 

Area 

[km
2
] 

% 
Area 

[km
2
] 

% 
Area 

[km
2
] 

% 
Area 

[km
2
] 

% 

Agricultural 421.49 7.18 1622.82 27.66 1129.14 19.24 707.65 12.06 

Barren land 149.98 2.56 149.17 2.54 2.65 0.05 -147.33 -2.51 

Forest 5,259.33 89.63 3,998.61 68.14 4,409.09 75.14 -850.24 -14.49 

Built-up areas 5.92 0.10 28.75 0.49 227.39 3.88 221.47 3.77 

Waterbodies 31.23 0.53 68.60 1.17 99.68 1.70 68.45 1.17 

Total 5,867.95 100.00 5,867.95 100.00 5,867.95 100.00   
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Fig. 3. Land use/land cover of Tuyen Quang province in: a. 1992; b. 2010; c. 2022 

The classification results presented in 
Table 3 indicate an unprecedented 

increase in agricultural land cover, while 

forest cover in Tuyen Quang province has 

significantly decreased by 850.24 km2 and 

14.49% from 1992 to 2022. The reduction 

in forest cover is a concerning issue as it 

not only affects the environment and 

biodiversity but also has negative impacts 

on local communities and the economy. 
Forest land conversion for agricultural use 

has resulted in a depletion of forest 

resources, causing ecosystem degradation 

and reducing forest resilience to climate 

challenges. Legal and illegal logging also 

contributes to forest loss, destroying 

forests and hindering their ability to 

recover [7, 10]. Additionally, forest land 
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conversion for development projects such 

as infrastructure and hydropower plants 

has resulted in the loss of valuable forest 
land. In the period from 2010 to 2022, 

forest cover increased due to effective law 

enforcement and forest management in 

the region. However, the increase in forest 

cover during this period is still small 

compared to the forest loss that occurred 

from 1992 to 2010. To address this issue, 

there is a need for close collaboration 

among government agencies, as well as 

raising community awareness of the 

importance of forest protection and 

development [7, 19]. 

 

3.2. Relationship between Vegetation 

Indices and Decadal Forest Cover 

Changes 

 

In order to detect and map vegetation, 

the two most extensively used vegetation 

indices are NDVI and SAVI [22, 27, 30, 33]. 
Figures 4 and 5, respectively display maps 

of the NDVI and SAVI values in Tuyen 

Quang province from 1992 to 2022. 

Throughout this procedure, we examined 

all of the NDVI and SAVI pixel values from 

our graded image from 2022 and 

discovered that the NDVI values larger 

than 0.32 and the SAVI values greater than 

0.48 are all associated with the forest 

polygons. All other classified pictures for 

1992 and 2010 were reclassified as forest 

and non-forest based on these NDVI and 

SAVI values. The area covered by forest 

from 1992 to 2022 according to the 

vegetation indices is presented in Table 4. 

 

 

 

Fig. 4. Spatial distribution of NDVI for 1992, 2010 and 2022 
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Fig. 5. Spatial distribution of SAVI for 1992, 2010 and 2022 

 

The forest area estimated using NDVI 

shows a negative trend in the first period 

(1992–2010) and a positive trend in the 

later period (2010–2022), an estimate that 

is similar to, but slightly higher in 1992 

and 2022, and slightly lower in 2010 than 

the estimates obtained using supervised 

classification. While SAVI provides similar 

estimates for 2010 and 2022, it yields 

much lower estimates for 1992 (Table 4). 

Given that SAVI disregards soil 

reflectance, this may be due to the scanty 

vegetation of 1992 rather than the lush 

forest of 1992. These results suggest that 

NDVI is an effective indicator to identify 

and track the presence of forest cover in 

Tuyen Quang province, particularly in the 

context of rapid forest cover assessments 

[10, 15, 30]. 

 

Table 4 

Based forest cover area analyzed by vegetation indices 

 (NDVI and SAVI) from 1992 to 2022 

Distribution in 1992 Distribution in 2010 Distribution in 2022 
Category 

Area [km
2
] [%] Area [km

2
] [%] Area [km

2
] [%] 

Forest 5,318.32 90.63 3,721.54 63.42 4,489.92 76.52 

Other 549.63 9.37 2,146.41 36.58 1,378.03 23.48 NDVI 

Total 5,867.95 100.00 5,867.95 100.00 5,867.95 100.00 

Forest 4,523.28 77.08 3,798.71 64.74 4,245.23 72.35 

Other 1,344.67 22.92 2,069.24 35.26 1,622.72 27.65 SAVI 

Total 5,867.95 100.00 5,867.95 100.00 5,867.95 100.00 
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3.3. Forest Cover Changes from 1992 to 

2022 

 
With a particular emphasis on 

persistence and swaps, forest cover 

patterns can be summarized in terms of 

net change, gross gains, and losses (Table 

5). A survey of forest-cover changes 

showed that, from a total of 5,259.33 km2 

of forest cover in 1989, 75.06% existed 

until the end of the period 1992–2010. In 

the next period (2010–2022), from the 

total of 3,998.61 km2 of forest that existed 

in 2010, 92.70% existed in 2022 (Table 5). 

The remaining forest was converted to 

non-forest use. 

The model showing the gain, loss, and 

persistence of forest cover in the study 

area in each period is shown in Figure 6. 

The first period observed an increase in 

total forest area of only 44.82 km2, while 

the second period saw a more significant 

increase of 696.12 km2. The total gross 
gain in the forest class comes with the 

total loss of the other layers; thus, the 

total gross gain is equivalent to the total 

loss in the landscape. In our study, most of 
the forest cover was lost to the remaining 

LULC, mainly the agricultural land class. 

The conversion of forest land to high-

quality agricultural land is an indication 

that the community in this area depends 

on agriculture as its main livelihood. In 

contrast, gross gains came mostly from 

barren and agricultural land in both 

periods, with the most in the second 

period. More forests were lost during the 

period 1992–2010 than during the period 

2010–2022, which saw the least 

deforestation (Table 5). Forest cover 

decreased by 1,260.60 km2 in the first 

period and increased in the second period 

by 410.41 km2. In terms of annual 

variation, the annual change in forest 

cover in the first period was 79.43 km2 

and in the second period, it decreased to 

65.46 km2 (Table 5). 

 

Table 5 

Summary of forest cover change in Tuyen Quang province between 1992 and 2022 

Period 

1992-2010 2010-2022 1992-2022 Forest Cover 

Area [km
2
] [%] Area [km

2
] [%] Area [km

2
] [%] 

Initial Year 5,259.33  3,998.61  5,259.33  

Final Year 3,998.61  4,409.09  4,409.09  

Persistence 3,947.88 75.06 3,706.90 92.70 4,295.50 81.67 

Loss 1,305.42 24.82 285.71 7.15 957.76 18.21 

Gain 44.82 0.85 696.12 17.41 107.58 2.05 

Annual Loss 76.79  19.05  29.93  

Annual Gain 2.64  46.41  3.36  

Annual Change 79.43  65.46  33.29  

Swap 2,610.84 49.64 571.42 14.29 1,915.52 36.42 

Net Change -1,260.60 -23.97 410.41 10.26 -850.18 -16.17 
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Fig. 6. Forest cover changes in Tuyen Quang province during:  

a. 1992-2010; b. 2010-2022; c.1992-2022 

 

The forest area in Tuyen Quang province 

experienced a sharp decline between 

1992 and 2010 due to various reasons. 

One of the main reasons was the 

conversion of forest land to agricultural 

land for crop production to meet the 

demands of agricultural production in the 

region. Legal and illegal logging also 

contributed to the reduction of forest 

area, leading to the destruction of 
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forested areas that are difficult to restore 

[7]. The conversion of forest land for 

infrastructure development and 
hydropower plants also resulted in the 

loss of valuable forest areas [31]. 

Additionally, during this period, forest 

management policies and solutions were 

not implemented effectively. The 

monitoring and control of logging 

activities were inadequate, resulting in 

widespread illegal logging. Policies to 

support forest protection and sustainable 

agricultural development were also 

ineffective, leading to a lack of consistency 

and suitability with the realities of the 

region [19], [ 30]. 

However, between 2010 and 2022, the 

forest area in Tuyen Quang province 

increased due to the effective 

implementation of law enforcement and 

forest management in the region. The 

Vietnamese government implemented a 

range of policies and solutions for forest 
protection during this period, including 

strengthening the monitoring and control 

of logging activities, focusing on 

sustainable agricultural development and 

forest protection, as well as promoting 

forest restoration projects. These policies 

helped to increase the forest area during 

this period [2], [20]. Furthermore, during 

this period, the community increased their 

awareness of forest and environmental 

protection, and actively participated in 

forest protection activities. Many social 

organizations and local communities 

participated in forest protection activities 

and supported households indeveloping 

sustainable agriculture and changing their 

way of life to minimize their impact on the 

environment [5]. These efforts 

contributed significantly to the increase in 
forest area in Tuyen Quang province 

during this period. 

4. Conclusion 

 

The spatiotemporal changes of forest 
cover in Tuyen Quang province, Northeast 

region of Vietnam, were explored from 

1992 to 2022 using remote sensing data 

and GIS. The Landsat images were 

processed and classified based on the 

maximum likelihood algorithm that 

creates an overall accuracy of over 90%, 

which is suitable for monitoring forest 

cover. Furthermore, the Vegetation Index 

(NDVI and SAVI) was used in the study to 

aid in the rapid assessment of the 

condition of the forest cover. Overall, 

between 1992 and 2022, agricultural land, 

built-up areas, and waterbodies increased, 

while forest cover and barren land 

decreased. The results show that the 

forest cover changed drastically in the 

study region between 1992 and 2022, 

with the total forest area reduced to 

850.24 km2, corresponding to 14.49%, 
especially in the period 1992–2010, during 

which 1,260.60 km2 of forest was cleared. 

Although forest cover increased to 410.41 

km2 from 2010 to 2022, the increased area 

is too small compared with the lost forest 

area; thus, the forest cover over this 30-

year period has overall been reduced. 

The following recommendations are 

based on our study: (1) Policy makers and 

decision makers should review legal and 

illegal logging, as well as national 

development projects such as the 

construction of infrastructure and 

hydroelectric power plants, because forest 

areas have decreased significantly over 

the years as a result of the conversion of 

forest land to agricultural land; (2) 

Relevant agencies require more staff to 

monitor and protect forests from illegal 
logging. The conservation of forest areas 

in the study region also necessitates the 
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strict enforcement of rules and 

regulations. 

The results of this study will be helpful 
to future researchers and conservationists 

in continuing their work, as well as to 

decision makers in taking into account the 

tendencies of this severe forest loss when 

formulating future policies to conserve 

forest cover in this study area. 
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